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FOREWORD

Riccardo Gulli*

This contribution is part of the research activities of the Archi-
tectural Technology group at the Department of Architecture
in Bologna, under my supervision. It is a scientific domain that
brings together two worlds: the first concerns knowledge in the
field of building theory and practice; the second concerns digital
technologies, foremost among them Artificial Intelligence. The
hinge between these two worlds is represented by the renewed
epistemological framework induced by the need to ‘teach ma-
chines’

This new domain of knowledge is at the centre of an epoch-
al transition affecting all sectors of knowledge and all human
activities, including the building sector. The focal point of this
paradigm shift - typical of all scientific revolutions — does not
lie solely in the technological dimension of the problem, but
rather in the more complex issue of awareness in decision mak-
ing, from which consequently derives the question of the ethics
of responsibility.

It is now well established that the new frontiers of Artifi-
cial Intelligence foreshadow a radical transformation of profes-
sional roles. In the field of architectural design, for example,
the authorship of an idea is progressively losing its relevance,
especially in the concept design phase. Even more evident and
pronounced is this shift in the field of structural engineering,
where the professional role already today largely coincides with
verifying the correctness of outputs produced by a computer, an
activity that tomorrow may itself be easily replaced, with a level
of reliability likely to be higher.

If we therefore consider it inevitable that this will occur in
the near future — indeed within just a few years — the main is-
sue on which attention should currently be focused concerns
a simple question: once the tools and methods to transfer to a
machine a body of knowledge as extensive as that of humans
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have been defined, how can we maintain a degree of control
that allows, on the one hand, education of the contents and, on
the other, validation of the outcomes generated by a machine?

This question, in its generality, implies deploying a different
approach to knowledge both in university education and in re-
search. The core of this new approach lies in identifying the con-
ceptual structures that characterise a specific disciplinary field,
providing specific answers to specific questions, which in this
context are represented by the “prompt.” This field of activity
can be labelled “prompt engineering,” that is, the generation of
conceptual maps for the formalisation of a problem. Following
the transformation brought about by the rise of generative Ar-
tificial Intelligence, this field is no longer the exclusive domain
of computer science. The possibility now available to bypass the
use of computer code for the mathematical formalisation of a
problem indeed urges a substantial revision of the spectrum of
disciplinary competencies, as every human activity is increas-
ingly permeated by digital technologies.

The work of Angelo Massafra presented here is an expression
of this direction. The focus of the discussion is the graph, un-
derstood here as a conceptual structure formed by a system of
relationships between the entities and properties of an object,
which in computer science is known as an ontology. This form
of knowledge also opens to the extended dimension of network
data (Graph Data Science) in order to extract and manage in-
formational content according to the logical structures of the
graph. But the key step lies in connecting theory and practice,
namely, in understanding the effectiveness of this approach in
solving applied problems related to the design, construction,
and management of the built environment.

A crucial point in this process is the ability to identify the
characteristics of a building. This is, in fact, a key step that then
allows the activation of subsequent levels of analysis on specific
thematic aspects, including performance-related ones. Identify-
ing the characteristics of an object is a broadly applicable prob-
lem and, in the case of buildings, consists of two steps: the first
concerns visible characteristics, which can be inferred directly
from an image of the object; the second concerns hidden char-
acteristics, which represent its typological and constructional
nature.
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The methods by which this recognition process is activat-
ed involve the formalisation of an archetype that summarises
the object’s identifying characteristics and allows the creation
of sets — called clusters — representing certain invariants. The
formation of these clusters is a human-guided process based on
entering selected data about the object, derived from the inter-
play between its iconographic and textual components—in oth-
er words, between images, drawings, and technical information
provided to the machine for many buildings. A second phase
then follows, consisting of validating the machine-generated
outputs to refine and calibrate the results. The third phase tests
the machine’s autonomous recognition capabilities by survey-
ing building images available on Google Maps.

This process exemplifies an approach to knowledge that
combines the machine’s ability to manipulate and process large
amounts of data with the disciplinary knowledge embedded in
the human capacity to elaborate conceptual content, informed
in part by lived experience. The hinge between these two epis-
temological dimensions is thus prompt. The formulation of a
question expresses conceptual knowledge that arises from in-
tentions unknown to the machine, except after a process of
acquiring content provided by humans. This foreshadows an
epochal transition that enables us to move beyond the use of
computer code and activate a direct correlation between the
conceptual formalisation of a problem and its translation into
a workflow tool.

Angelo Massafra’s work addresses these same objectives and
stands as an important contribution to advancing research in

this field.






INTRODUCTION

In recent years, the Architecture, Engineering, Construction,
and Operation (AECO) sector has begun a digital transforma-
tion, driven by technologies such as Building Information Mod-
elling (BIM), the Internet of Things (IoT), Building Performance
Simulation (BPS), Digital Twins (DT), and Artificial Intelligence
(AI) (Alves et al. 2025; Deng et al. 2021).

Despite this rapid technological development, the industry
continues to face fundamental challenges in information man-
agement. A significant impediment consists of the usual frag-
mentation of building data across silos — diverse models, repos-
itories, software platforms, and stakeholders — which leads to
interoperability problems (Merino et al. 2023). The vast hetero-
geneity of data sources, rarely integrated into systemic visions,
makes it challenging to transform raw data into valuable infor-
mation and decision-supporting knowledge. As a consequence
of data fragmentation, owners and facility managers, particu-
larly in the public sector, struggle to use data effectively, hinder-
ing the inclusion of knowledge-driven approaches in building
management (Abuimara et al. 2021a).

This problem is not merely technological, but also concep-
tual and cultural. Among the many reasons, it stems from the
complexity of the sector, which makes it impossible to digital-
ly represent the whole ‘domain of buildings’ through a single,
shared data schema or semantic structure. Indeed, any attempt
to force all building knowledge into a single, uniform formal rep-
resentation would risk oversimplifying reality and undermining
the richness of the built environment in the virtual world.

In response to these challenges, and to harness the oppor-
tunities offered by digitalisation, researchers and practition-
ers began in recent years to develop methods and tools for the
digital modelling of building knowledge, considering the need
for conceptualising systemic frameworks as an essential prereg-
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uisite for creating next-generation decision-support tools for
the management of the built heritage (Petri et al. 2023; Succar
and Poirier 2020; Zhang et al. 2025). However, this is a com-
plex endeavour that rests on a non-trivial compromise: on the
one hand, contemporary digital environments require informa-
tion to be organised with sufficient ‘vertical’ precision to meet
the specific needs of building management; on the other hand,
they need knowledge structures that are ‘horizontally’ flexible
enough to support a holistic approach in the construction in-
dustry.

This results in a pressing motivation to create knowl-
edge-modelling frameworks that integrate diversified data - rel-
ative to different phases of the building lifecycle, spanning from
design to operation and renovation, and to multiple subdomains
of the AECO, like energy, sustainability, wellbeing, safety, etc. -
into cohesive, queryable, and shareable knowledge bases. Such
frameworks must promote semantic interoperability - i.e., dif-
ferent systems and players should be able to exchange and use
the data — while accommodating the modularity of the domain.
In other words, there is a need for modern knowledge modelling
approaches, approaches that are holistic yet detailed, rigorous
yet flexible, computable yet human-centred. Reconciling these
seemingly paradoxical dichotomies demands a robust discipli-
nary apparatus in the field of building knowledge modelling,
an apparatus to which this book seeks to contribute, at least in
part, by conceptualising ‘Buildings as Networks’.

Graphs are data structures consisting of two simple types of
elements: nodes and edges. They can be used to map both en-
tities (i.e., the nodes) and the relationships between them (i.e.,
the edges) to represent a knowledge domain. The advantages
offered by such knowledge structures are principally twofold.
First, the natural capacity of graphs to encode connectivity and
relationships, which is particularly valuable in complex systems
such as buildings, where understanding interdependencies is
as crucial as understanding individual components (Ghosh et
al. 2023). Second, the possibility to enrich graph elements with
semantic attributes, thus forming the so-called ‘knowledge
graphs’ (KGs). These are graphs in which nodes and edges carry
the explicit meanings defined by a formal schema — such as an
ontology - that specifies the types of entities and relationships
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that can exist within a domain, thus providing a shared vocab-
ulary and framework for logical reasoning and inference (Ra-
monell et al. 2023).

By their nature, graphs can describe the world in a readily
transferable way and pragmatically present humans’ abstract
ideas through clear visual models. In any domain, choosing ap-
propriate techniques for constructing graphs is crucial, as dif-
ferent methodologies can yield distinct formal representations
that convey the same knowledge in diverse ways. If a graph is
too simplistic, it might fail to capture the complexity of a re-
al-world issue; conversely, if it is too complex, it could hinder
human comprehension.

The book is therefore based on the central assumption that
a building — understood as an interconnected system of objects,
spaces, and people - can be digitally represented as a network.
To this end, focusing on building performance management, the
discussion presents a modelling approach that combines mul-
tiple domain-specific ontologies into a single, unified knowl-
edge framework capable of describing the many aspects that
characterise building performance (energy, safety, environment,
well-being, and so forth). This strategy, referred to as ‘ontology
federation’, acknowledges that, rather than attempting to mod-
el the broad domain of building performance under a single,
all-encompassing formal schema, it is preferable to structure a
federated system in which small, specialised ontologies — each
with its own semantic rules — contribute to representing the
specific subdomain for which they were designed (Moretti et al.
2023).

This approach results in a federated KG that functions as a
core integration layer, capable of linking diverse and separate
data sources within a common formal representation, thereby
enabling a systemic representation of building performance
knowledge, interpretable by both humans and machines. The
federated ontology ensures that each piece of data is contex-
tualised, laying the groundwork for semantic interoperability
between tools and stakeholders, allowing them to add or ex-
tract information from the same knowledge base without loss
of meaning.

Implementing this approach required developing specific
methods and tools, as introduced in the book. At a high level, the
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methodology is operationalised through an open-source soft-
ware toolkit that embodies the federated ontology within graph
structures (Massafra et al. 2024a). The toolkit provides practical
means to ingest data from various sources, map that data to the
ontology, and store and query it as a KG. Its key design principle
is a connector-based architecture, where lightweight connectors
or adapters are provided for each data source (for example, BIM,
sensor time-series databases, and BPS models). Each connector
translates its native data into a representation that conforms to
the KG. This allows each source to remain in its native format
while being linked semantically to the central KG.

To validate the framework, the text presents a series of de-
monstrative case studies drawn from real-world scenarios. These
applications were conducted within the Department of Archi-
tecture of the University of Bologna over the last three years,
as part of multiple research initiatives, including the author’s
PhD in Architecture and Design Cultures, the BETWIN project
(Building Digital Twins for Built Heritage Performance-Based
Management, AlmaValue 2023 Call, 2023-2025), and the DIG-
ITMAN project (Occupant-based DIGITal predictive MANage-
ment to improve the built environment, PRIN 2022 Call, Prot.
2022JMRX2A). Additional explorations were carried out in col-
laboration with the Welsh School of Architecture, Cardiff Uni-
versity (UK), and the Dipartimento Unita Efficienza Energetica
at ENEA (Agenzia Nazionale per le Nuove Tecnologie, 'Energia
e lo Sviluppo Economico Sostenibile). These case studies apply
the methodology to different facets of building performance,
demonstrating how the approach can be generalised and reused
across domains.

The applications are presented in order of increasing com-
plexity, illustrating how graph-based methods range from the
straightforward mapping of a connectivity system among spac-
es to the management of federated specialist models and the
aggregation of performance data of various kinds across opera-
tional scenarios.

In brief, the demonstrations encompass the use of: spatial
graphs for the analysis of residential building layouts, topologi-
cal graphs for evaluating emergency egress routes in university
facilities, semantic graphs for integrating heterogeneous data
in heritage buildings’ characterisation processes, performance
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graphs for linking BIM and BEM models in energy analysis,
and temporal graphs for scenario-based strategic management
in higher education contexts. The presentation of these diverse
use cases demonstrates the reusability and scalability of the
graph-based methodology. The overarching aim is to establish
the foundations of this evolving approach to knowledge mod-
elling, which next-generation digital Decision Support Systems
(DSS) are likely to depend on.

Looking ahead, the research aims to prepare an information
layer capable of supporting the next frontier in digital building
management: knowledge-based systems integrated with Al For
this reason, the concluding part of the book explores how the
methodologies described can pave the way towards Al-integrat-
ed knowledge systems. The core idea is that a rich, semantically
robust building KG can provide an ideal substrate for emerging
Al technologies, enabling natural-language-based modelling
and thereby making interaction with building data more intui-
tive (d’Aquin 2025). The vision is of interactive human-machine
systems for the built environment, in which stakeholders, with
in-depth domain expertise but low digital skills, can communi-
cate with a building’s DSS in natural terms, ask questions, re-
ceive answers grounded in a reliable knowledge base, and obtain
suggestions or predictions generated by Al (Arazzi et al. 2025).

In this perspective, KGs can help Al systems reason with do-
main-specific rules and avoid propagating errors. It is therefore
essential that domain experts — architects, engineers, and her-
itage conservators - proactively shape the knowledge bases that
feed such systems, defining scientifically sound validity criteria,
so that increased automation does not come at the expense of
rigour and reliability.

The book is organised into three main sections. Section I in-
troduces the theoretical foundations of graph thinking and its
relevance to building knowledge. Chapter 1 traces the develop-
ment of graph-based approaches across different disciplines. In
contrast, Chapter 2 examines their application within the AECO
domain, reviewing the state of the art in the use of graph data
structures for building-related problems. Section II presents the
core methodology. Chapter 3 details the federated-ontology ap-
proach, which defines the schema for the KG described through-
out the book. Chapter 4 focuses on implementation and outlines
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the software architecture of the graph-building toolkit. Chapter
5 explores an advanced concept emerging from the methodol-
ogy - ‘Topological BIM’ - that enables partial automation of
knowledge graph construction by deriving semantic structures
from building topology. Section III contains five application-fo-
cused chapters corresponding to the demonstrations outlined
above. These chapters illustrate how the methodology can be
applied to different facets of building performance and man-
agement.

The book concludes with a chapter that summarises the main
contributions and discusses how the developed framework can
interface with Al. This final chapter reinforces the book’s cen-
tral message: that embracing Buildings as Networks — enriched
by ontologies today and by Al tomorrow — can fundamentally
enhance human capacity to represent and understand the built
heritage domain digitally.
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1. THE EMERGENCE OF GRAPHS IN SCIENCE AND
TECHNOLOGY

Abstract

This chapter explores the conceptual foundations of graph-based
knowledge modelling, which involves using nodes (entities) and
edges (relationships) to represent complex domains. This ap-
proach has recently become a cornerstone of digital innovation
across multiple sectors.

The chapter begins by introducing the notion of ontology
thinking for knowledge management and process digitalisation,
explaining how formal ontologies structure domain knowledge
for both human comprehension and machine reasoning. It then
examines the rise of graphs in science and technology as flexi-
ble data structures for knowledge representation, highlighting
examples from diverse fields, spanning from biology to social
science. Subsequently, an overview of graph data science is pre-
sented, describing different types of networks and their pur-
poses.

Throughout, graph-based approaches are compared with
traditional relational and document-based data models in terms
of flexibility, heterogeneity, querying capability, inference, and
explainability. Finally, the discussion bridges the topic to the
AECO sector, anticipating the main challenges and opportuni-
ties associated with the use of graphs in this field, which will be
explored in greater depth in the following chapter.
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1.1 Ontology thinking for knowledge management and
process digitalisation

Digital transformation of complex domains requires explicit
representations of knowledge that both humans and machines
can interpret. Such human- and machine-readable representa-
tions can be established by relying on ontology thinking, which
refers to the practice of formally defining the concepts, relation-
ships, and rules of a knowledge domain to enable its manage-
ment and digitalisation.

The term ontology has ancient origins. It originally comes
from philosophy, where it means the study of ‘being as such’
and of its fundamental categories’. Implicit in this definition
is a logic of decomposing reality and its being into entities and
categories, an operation that humans have needed since antig-
uity to explain the world and the surrounding nature. The term
underwent a marked evolution starting in the last century, first
within Information Technology (IT) and, more recently, return-
ing to prominence with the progress of Artificial Intelligence
(AD). In these fields, the concept was adopted to refer to a struc-
tured representation of concepts and their relationships within
a domain.

Early knowledge-representation systems (such as semantic
networks) laid the groundwork for the emergence of ontologies
in IT. Although the word ‘ontology’ was not widely used in com-
puting at the dawn of the IT era, ontologies existed implicit-
ly as vocabularies and structures for expert systems. In 1991,
Tom Gruber gave the most widely cited definition: "an ontolo-
gy is an explicit specification of a conceptualisation”.? From those
years onwards, ontologies became central to knowledge engi-
neering systems. Reusable ontologies began to be developed for
specific domains, like medicine, biology, and engineering. They
then gained prominence in the late 1990s-early 2000s with
the rise of the Semantic Web, including the Resource Descrip-
tion Framework (RDF)? and the Web Ontology Language (OWL)?*,
which, thanks to the efforts of the World Wide Web Consortium
(W3C)?, became standards for structured data and reasoning on
the web. Building on these technological advances, ontologies
began to support a wide range of IT applications, such as in-
formation retrieval and search engines, data linking and inte-
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gration, bioinformatics, and enterprise systems. More recent-
ly, ontologies have been coupled with Knowledge Graphs (KGs),
which represent real-world entities and their relationships as
semantic networks.

Thus, an ontology in computer science can be defined as an
"explicit specification of a conceptualisation": essentially a formal
classification of the entities, properties, and relations presumed
to exist in a domain. In simpler terms, an ontology provides a
shared vocabulary and structure for modelling domain knowl-
edge. By capturing consensus definitions of concepts — for ex-
ample, in the AECO context, what counts as a ‘building’, a ‘pace’,
or a ‘wall’ — ontologies ensure that data and processes across
different systems refer to the same underlying ideas. This is
extremely important for knowledge management, where the
ontology acts as a semantic backbone, enabling the integration
of heterogeneous information and preventing misunderstand-
ings arising from inconsistent terminology —among humans,
among machines, and between humans and machines.

The intrinsic nature of ontologies enables them to be used
not only to represent a domain theoretically but also to sup-
port the digitalisation of processes from a technical and tech-
nological perspective. This is achieved by making implicit do-
main expertise explicit and machine-readable. When business
or research processes are digitised — whether in healthcare,
finance, or construction - the rules and concepts governing
those processes must be encoded in software. This is essentially
a knowledge-transfer process in which the machine serves as
the vehicle for conveying highly specialised domain knowledge
to human recipients, who are often not ontology experts but
simply users seeking services.

Ontology-driven models facilitate knowledge encoding by
providing formal constraints and relationships that software
can use for reasoning and validation. For example, an ontology
in the field of building operations might specify that an entity
definable as Sensor is connected to another entity definable as
Space via a containment relation HasLocation. That Space may
in turn be connected to another entity, for instance a Build-
ing, via another containment relation, or connected to another
Space via an adjacency relation, IsAdjacentTo. Such specifica-
tions not only document knowledge for human stakeholders




22 Conceptual and technological foundations

but also enable automated inference®: if a sensor is in <RoomA>
and measures temperature, a query can infer that <RoomA> has
a temperature reading, even if not explicitly stored, thanks to
the ontological relationships. This ability to derive new facts
from existing data, called ‘entailment’, is a key benefit of ontol-
ogy-centric knowledge representation. It goes beyond the ca-
pabilities of traditional data models by enabling logical reason-
ing, an essential feature for advanced decision-support systems
(DSSs) and intelligent automation.

It is for these reasons that the roots of ontology thinking in
computer science trace back to early work in Al and knowledge
engineering, which recognised that capturing expert knowledge
in formal ontologies could significantly improve knowledge
sharing and reuse. Today, ontology languages such as OWL al-
low domain experts to encode rich semantics in a machine-in-
terpretable form. These ontologies, especially when coupled
with graph-based data structures, become powerful tools for
managing interrelated information, bringing several advantag-
es for knowledge management and digital workflows. These in-
clude flexibility to accommodate evolving domain knowledge,
support for heterogeneity to integrate different data sources,
and logical querying and explainability through semantic mean-
ings and relationships.

Ontology-driven thinking complements, rather than replac-
es, other data-modelling approaches. While relational databas-
es focus on storing data in structured tables, and document
databases store semi-structured records, ontologies focus on
the meaning of data and the connections between pieces of in-
formation. They encourage knowledge modellers to ask: ‘What
are the key concepts in this domain and how do they relate? This
approach naturally leads into graph thinking — that is, the use
of nodes (entities) and edges (relationships) to map a domain
- being graphs direct, practical ways to represent entities and
relationships as defined by ontologies.

In the next section, we delve into how graph-based data
structures have risen to prominence for knowledge representa-
tion across science and technology.
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1.2 Therise of graphs in science as a means for knowledge
representation

When people explain ideas or processes, they often implicitly
create graphs. In other words, they identify objects or entities
and draw connections between them to show how they relate
within a system. By representing key entities as nodes and their
interconnections as edges (Figure 1), graphs provide a natural
and intuitive way to model complex systems’. Indeed, graph di-
agrams can concisely capture relationships within a problem,
making abstract concepts easier to visualise and communicate,
even when the underlying ideas are complex.

Graphs, in the form of networks of nodes connected by edg-
es, have long been used as abstractions in mathematics; how-
ever, their adoption as practical data structures for knowledge
representation has surged in recent decades. One reason for
this rise is the growing recognition that many real-world sys-
tems are inherently graph-structured: social relationships, bio-
logical pathways, transportation routes, communication links,
and more all form networks.

Across the sciences, graph-based thinking has gained prom-
inence as a means of dealing with complexity. In biology, for
example, networks are used to represent protein-protein in-
teractions, gene regulatory networks, and food webs, helping
researchers uncover key influencers in cellular processes or
ecosystems. In social science, social networks map the relation-
ships and interactions among people or organisations; network
analysis reveals community structures and influential actors,
for instance, in studies of information spread or epidemiology.
In transport and logistics, graph models underpin routing and
navigation, from airline networks to urban road maps.

Network science has therefore emerged as an interdiscipli-
nary field, leveraging graph theory to study recurring patterns
across diverse domains. These approaches are widely applied to
predict network behaviour, identify critical nodes or connec-
tions, and optimise system performance® (Barabasi and Pésfai
2016). A key driver behind the rise of graphs is the explosion
of data complexity in the modern era. Traditional data models,
such as relational tables, struggle to accommodate the hetero-
geneity and interconnectivity of big data generated in fields like
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genomics and social media. Graphs, instead, excel at capturing
relationships as first-class data, rather than flattening connec-
tions into foreign keys or array fields. This makes them ideal
for knowledge representation where context and linkage are
crucial®.

The versatility of graphs lies in their abstraction: almost any
set of entities with relationships can be mapped to a graph. This
universality is coupled with a rich body of algorithms (from
graph theory and network science) that can be applied once data
is in graph form. For example, an algorithm to find the shortest
path between nodes can aid route finding in transportation; the
same basic algorithm can also infer molecular pathways or opti-
mise flows in supply chains.

Today, graphs serve both as a means of conceptualising
problems and as concrete data structures in software systems.
In chemistry and materials science, graph models (such as mo-
lecular graphs or crystal graphs) represent atoms and bonds,
enabling cheminformatics and the prediction of material prop-
erties. In linguistics and natural language processing, graphs
appear as parse trees or KGs that connect words and concepts
(e.g., WordNet or concept maps in educational technology).
Even in physics and engineering, complex systems (power grids,
supply chains, ecological networks) are analysed via graph rep-
resentations to identify vulnerabilities or optimise resilience.

Crucially, graph structures are not only functional for knowl-
edge visualisation but also empower topological analysis. Modern
graph databases and processing frameworks can store massive
networks with billions of connections. They enable queries that
traverse arbitrary hops (e.g. ‘find how person A is connected
to person B through co-authorship and institutional collabo-
rations’), or detect emergent patterns (communities, influenc-
ers, anomalies) in ways that relational databases would find
inconvenient. As a result, graphs have become foundational
in representing, querying, and reasoning over interconnected
information in the contemporary data landscape. This has led
to a paradigm shift in which graph thinking - viewing data as
a network of relationships - is a robust approach for tackling
complex, connected problems in science and technology.
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Figure 1. lllustrative
example of a network
represented as a graph. ;

1.3 Basics of graph data science

1.3.7 Graph data science and its subdomains

As graph representations proliferate, a new interdisciplinary
field, Graph Data Science (GDS), has emerged to study and ex-
ploit the rich information in network data. GDS can be defined
as the collection of theories and techniques for creating, manip-
ulating, analysing, and extracting knowledge from structured
data represented as a graph (Raj 2025). It sits at the intersec-
tion of classical graph theory, database technology, and modern
data analytics, containing many sub-fields (Figure 2).

Graph algorithms, shown on the left of the Venn diagram,
are computational procedures that operate on graph structures
and process graph data for various purposes, such as solving
shortest path problems, detecting communities, and clustering
(Wang et al. 2022).

Graph visualisation, on the right, consists of methods for vis-
ualising structured information as diagrams of abstract graphs
and networks (Chen et al. 2019).

Graph queries, at the top of the figure, consist of the meth-
ods used to retrieve information in graph databases. These da-
tabases store data in a graph format. Through various query
types (e.g., traversal, pattern matching, and aggregation), users
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can search for specific data and retrieve their relationships and
properties within these graph structures (Sharmila and Kavitha
Devi 2023).

At the intersection between graph algorithms and queries,
graph analytics refers to the techniques for analysing graph
structures and associated data to discover patterns and insights
in large datasets. There are many techniques used in graph an-
alytics, such as centrality analysis, community detection, and
motif analysis (Ren et al. 2023).

Graph data discovery, through queries and visualisation, in-
volves techniques that leverage graph structures and algorithms
to understand and explore relationships and connections with-
in large datasets.

Finally, feature engineering, which involves integrating graph
algorithms and queries, includes methods that leverage rela-
tional features in graph datasets to enhance feature extraction.
Graph feature engineering involves defining specific graph
features, creating feature vectors, and building models using
Machine Learning (ML) techniques, such as Graph Neural Net-
works (GNNs), based on these feature vectors.

1.3.2 Graph structures
From the ‘structural’ point of view, graphs consist of two sets.
In mathematical terms, they can be represented as G = (V, E),
where the set of nodes is V={v1, v2,..., vn}, and the set of edges
is E={el, e2,..., em}.

Data
Discavery

Engineering Graph

Data
H_:Sciencg_r

Graph
Algorithms

Graph
Visualization

Graph
Analytics

Figure 2. Graph data
science sub-fields.
Graphic rework from
Das and Soylu (2023)
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Graphs can be categorised into several fundamental types
based on their structural properties, as illustrated in Table 1.

A null graph is a graph containing only vertices and no edges,
whereas a simple graph is an undirected, unweighted graph with-
out loops or multiple edges. Weighted graphs are graphs in which
numerical values are assigned to edges, often representing dis-
tance or connection capacity.

From the perspective of connectivity, a graph may be con-
nected, where every node is reachable from any other, or dis-
connected, where such paths do not exist for all pairs of nodes.
A regular graph is a uniform network where each node has the
same degree, that is, the same number of neighbours.

Directionality further differentiates graph structures: a di-
rected graph employs ordered pairs of nodes connected by di-
rected edges, while an undirected graph treats connections sym-
metrically, making the order of nodes irrelevant™.

Beyond the basic structural categories, graphs can also be
distinguished by more advanced properties (Table 2).

Heterogeneous graphs incorporate multiple node and edge
types, enabling the representation of complex systems in which
diverse entities and relationships coexist. Multidimensional
graphs extend this idea by allowing multiple types of relation-
ships to exist simultaneously between a pair of nodes.

In signed graphs, each edge carries a positive or negative val-
ue, often used to model supportive or antagonistic relations.
Dynamic graphs evolve over time as new nodes and edges are
continuously added, capturing the behaviour of networks that
change in real time, such as social interactions or communica-
tion systems.

Hypergraphs generalise the notion of edges by allowing hy-
peredges that connect more than two nodes simultaneously,
thus accommodating group-based relationships. Marked graphs
distinguish between places (states) and transitions (events),
which are linked by directed edges, and are particularly useful
for modelling concurrent processes.

Finally, trees represent a non-cyclic, connected graph with N
nodes and N-1 edges, widely employed to organise data hierar-
chically, for instance, in taxonomies or file system structures.
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Graph Type Graphical representation

Table 1. Fundamental
structural types of

Properties

Null

ONONO

Simple

Weighted

graphs. Graphic rework
from Das and Soylu
(2023)

A null graphis a graph in which
there are no edges between its
vertices.

A simple graph is an unweighted,
undirected graph containing no
graph loops or multiple edges.

A weighted graph is a type of
graph in which a numerical
weight is given for each edge.
S0, a weighted graph is a special
type of labelled graph in which
the labels are numbers.

Connected

Disconnected

A connected graph is a graph in
which there is an edge from any
node in the graph to any other
node.

A disconnected graph is a graph
in which there is no edge from
any node in the graph to any
other node.

Regular

Directed

A regular graph is one in which
each node has the same number
of neighbours; that is, every
node has the same degree.

A directed graph (or digraph}is a
set of nodes and a collection of
directed edges, each of which
connects an ordered pair of
nodes.

Non-directed

An undirected graph is a type of
graph in which the order of the
nodes connected by an edge is
unimportant.
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Table 2. Complex graph

types. Graphic rework Graph Type

Graphical representation

Properties

from Das and Soylu

Heterogeneous
(2023)

palitical —

eCOROMiC
* border -

A graph that contains different
types of nodes and different
types of edges.

Multidimensional

A graph where more than one
relationship can exist
simultaneously between a pair
of nodes.

Signed

friend

friend

not friend

i
not friend -
! friend

A graph in which each edge has
a positive or negative sign

Dynamic

A graph where new nodes and
edges are added to the graph all
the time. Such graphs evolve
continuously in the process.

Hypergraph

A hypergraph H = (V,E),isa
structure consisting of a set of
V elements called nodes and of
a subset of E of the V elements
called hyper-edges. A
hyperedge is an edge that joins
more than two nodes.

Marked

Tree

A marked graph is a Petri net
consisting of two different
types of nodes: places (states)
and transitions (events), along
with the directional edges
connecting these nodes.

Atree is a non-cyclic graph, that
is, a connected graph with N
nodes and N-1 edges. It is used
to show a hierarchical structure
among various data items and
organises data into branches
that relate to information.

29
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1.3.3 Graph models

A graph model provides a clear, intuitive way to represent com-
plex relationships between entities. Like a graph, it uses nodes
to represent objects and edges to represent their connections,
but it extends this approach by attaching attributes and labels
to nodes. Attributes describe properties of nodes and edges,
such as the area of a room or the width of a window, while labels
assign names that clarify the structure of the graph and add se-
mantic meaning. By linking graph structures with ontologies,
graph models gain semantic depth: graphs provide the network
structure for organising data, while ontologies define the mean-
ing, semantics, and logic behind, providing a foundation for
computer systems to interpret and process knowledge.

Graph models differ from relational models, which are more
traditional models for data management (Figure 3). In relation-
al models, data is organised into tabular structures (relations)
composed of rows (tuples) and columns (attributes), with re-
lationships expressed through keys and enforced by schema
constraints. Queries are commonly executed in Structured
Query Language (SQL). This is a domain-specific language used
to manage data in relational database management systems
(RDBMSs), relying on a set of operations and joins to combine
data across tables. By contrast, graph models represent data as
networks of nodes and edges, where nodes denote entities and
edges denote explicit relationships between them. Queries are
expressed in graph-oriented languages such as Cypher or SPAR-
QL", which support path traversal and pattern matching across
networks.

This structural difference has practical consequences: re-
lational models are well-suited for highly structured domains
with clearly defined, relatively stable relationships, where-

il

Figure 3. Graph models
vs relational models.
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as graph models are particularly effective for heterogeneous,
semi-structured, or evolving data in which entities are linked by
complex, often dynamic relationships. In such contexts, graph
models can directly capture interdependencies that are difficult
to represent or query efficiently within a relational framework.

Graph models and graph databases, while closely related, de-
note distinct concepts. A graph model is an abstract representa-
tion used to analyse the structure and behaviour of networks,
often to understand patterns of connectivity or to predict their
evolution over time. In contrast, a graph database is a database
management system specifically designed to persist and man-
age data structured as graphs. Such systems are optimised for
storing nodes, edges, and their properties, and for executing
queries that exploit the network structure. Their performance
is achieved through graph traversal algorithms and indexing
strategies that enable efficient navigation and analysis across
highly interconnected data.

Among the different ways of representing knowledge as net-
works, four models are particularly relevant: property graphs,
labelled property graphs, RDF graphs, and knowledge graphs. Al-
though interconnected, each of these carries distinct character-
istics and typical use cases.

A property graph is a graph model in which both nodes and
edges can carry additional information expressed as key-value
pairs. These properties allow the graph to capture not only the
existence of a relationship but also its attributes. For instance,
in a collaboration network, a node representing a Person may
include properties such as name and affiliation, while an edge
representing co-authorship might include a property such as
year. Property graphs are valued for their flexibility, since prop-
erties can be added without rigid schema constraints, making
them effective for integrating heterogeneous data.

Labelled property graphs (LPGs) refine the property graph
model by introducing labels for nodes and edges. Labels indi-
cate the type of node or relation (e.g., Person, Organisation,
worksFor) and thus provide a lightweight typing mechanism.
Like property graphs, LPGs also support properties, combining
flexibility with a more structured way of distinguishing entities
and relationships. This model is implemented in many graph
database systems, such as Neo4j (Neo4j 2025a), and is widely
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used for operational applications that require fast traversal and
query performance.

RDF is a W3C standard for representing information as di-
rected labelled graphs. RDF expresses data in triples of the form
(subject, predicate, object), where each predicate has a defined
meaning, often provided by an ontology. Nodes may represent
concrete entities or abstract concepts, while edges carry seman-
tic roles. For example, the triple (<Giuseppe>, worksFor, <That-
Company>) explicitly states a relationship whose semantics can
be shared and extended across systems. RDF graphs are typically
combined with ontology languages such as OWL, enabling rea-
soning and inference. This capacity allows systems to derive
new facts (e.g., inferring that Giuseppe is an employee if he
works for an organisation, which can be defined as an employ-
ment relation). RDF thus provides a formal and interoperable
basis for semantic data representation.

Finally, a KG can be intended not as a single data model but
rather a broader approach that combines graph structures with
formal semantics. It represents entities and their interrelations
while embedding meaning through ontologies and controlled
vocabularies. KGs can be implemented using either RDF or LPG
technology, depending on requirements. The choice between
them depends on use case: LPGs might be chosen for fast opera-
tional queries on richly attributed data, while RDE/OWL graphs
might be chosen when interoperability and logical inference are
paramount. It is worth noting that the line can blur. One can,
for instance, build a KG using a property graph database by im-
posing a semantic schema on it. Conversely, one can export an
RDF graph into a property graph format for conducting specific
analyses. KG’s defining characteristic lies in the explicit seman-
tic layer, which supports interoperability, reasoning, and inte-
gration of heterogeneous data sources'.

1.3.4 Graph query and analytics

Graphs can be approached from different perspectives. When
the focus is on the semantic dimension, graph query languag-
es are most relevant, enabling the retrieval and exploration of
knowledge through patterns and ontological structures (Cheng
and Sun 2025). Conversely, when attention shifts to the net-
work dimension and the study of interconnected systems (e.g.,
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centrality analysis or community detection), the domain of
graph analytics becomes central (Bader 2022). In practice, the
combination of graph querying and graph analytics provides a
powerful synergy: query languages allow precise extraction of
relevant subgraphs and data. In contrast, analytics techniques
uncover topological patterns and insights.

Graph query languages like SPARQL - for RDF graphs - and
Cypher or Graph Query Language (GQL) - for LPGs - allow us-
ers to retrieve information by specifying patterns to match in
the graph. For instance, a SPARQL query might ask for ‘all build-
ings that have at least one sensor that monitors the temperature of
a room with an area over 100 m”, which leverages the semantic
relations defined in an ontology (e.g. building—room hierarchy,
sensor placement, and measured parameter).

In general, graph queries are powerful for exploring how en-
tities belonging to different classes are connected. Compared to
relational queries, graph queries can be more intuitive for rela-
tionship-intensive questions, since they follow network struc-
tures. Moreover, graph databases are optimised for traversals
and often outperform relational databases for multi-hop que-
ries, which in SQL require numerous join operations.

Graph analytics, on the other hand, encompasses a wide range
of algorithms for analysing network topology. These include
centrality measures (e.g. degree centrality, betweenness centrali-
ty, and closeness centrality), which identify important or influ-
ential nodes based on network structure (Figure 4); community
detection algorithms (e.g. modularity clustering, label propaga-
tion) that find groups of nodes with dense internal connections
(useful for detecting communities in social networks or”that’
functionally related clusters in biological networks); pathfind-
ing and traversal algorithms (shortest paths, random walks) for
navigation and reachability queries; and subgraph mining for
finding recurring patterns or anomalies'®. Notably, many graph
algorithms have no equivalent in purely table-based analysis,
or they would be prohibitively expensive to compute without a
graph-centric approach.

Given these exceptional capabilities, GDS has expanded in
recent years to include ML techniques for graph-structured data
(Wu et al. 2022). Graph embedding techniques learn to represent
nodes (or entire subgraphs) as vectors in a continuous space, so
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that geometric relations between vectors reflect network rela-
tions in the graph. The purpose of graph embeddings is often
to capture latent features of the network (such as community
membership or role similarity) in a form that can feed into pre-
dictive models. These embeddings enable the use of standard
ML algorithms on graph data, such as node classification (pre-
dicting a node’s label from its embedding) and link prediction
(determining whether an edge should exist between two nodes).
As part of feature engineering in GDS, analysts may compute
embeddings or graph-based features (e.g., the number of con-
nections to a specific node type) to improve predictive accuracy
in ML tasks. Techniques such as GNNs have demonstrated im-
pressive capabilities across domains such as protein interaction
prediction, social network link recommendations, KG comple-
tion, and architectural design (Jabi and Alymani 2020).

1.3.5 Advantages of graph databases

To highlight the distinctive strengths and limitations of graph
databases, it is instructive to compare them with more tradi-
tional database types.

The first strength of graph databases is their schema flexibil-
ity. After a graph database is created, new node or relationship
types can be added, or new properties can be added to existing
entities, without altering the database schema or migrating to a
new one. In contrast, relational databases require a predefined
schema of tables and columns; altering this schema (to accom-
modate a new relationship type, for example) can be unwieldy.
In other words, graphs excel at evolving with the domain: if a
new relationship or entity emerges, it can be captured as an-
other node/edge without disrupting existing structures. This is
crucial in knowledge domains that are not fully understood at
the start of a project, or that are rapidly changing, which is com-
mon in ‘complex’ environments.

Second, graph databases easily accommodate heterogene-
ity. The same graph can represent multiple and diverse types
of entities: for example, people, organisations, places, events,
and documents, all linked in various ways. Because each node’s
meaning is given by its connections and labels - labels support-
ed potentially by an ontology — mixing different entity types
is an intrinsic characteristic of graphs. Relational models, on
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the other hand, might require dozens of tables and join tables
to achieve the same web of interconnections. Graphs have also
demonstrated the ability to serve as ‘information integrators,
linking structured, unstructured, and semi-structured data
within a single network™.

Third, graph query languages allow pattern matching directly
on relationships. This can yield more straightforward, intuitive
queries for relationship-focused questions. For example, find-
ing a connection between two distant entities is straightfor-
ward with a graph traversal query, but in relational databases, it
might require recursive self-joins or stored procedures. Moreo-
ver, graph databases are optimised for traversals, ensuring that
querying deep relationships remains efficient even as data size
grows. Relational performance typically degrades as joins be-
come more complex or hierarchical.

Perhaps the most distinctive advantage of semantic graph-
based systems is built-in inference. By applying ontologies and
logic, graph systems can derive new facts from existing ones (as
discussed earlier). Neither relational nor document databases
have inherent reasoning capabilities; any inferencing must be
implemented in application code. In a KG, one can declare rules
or class hierarchies, e.g. ‘all emergency exits are doors’, and the
system can automatically classify all Exit instances as a subclass
of Door. This ability to automate reasoning and consistency
checking is invaluable in domains where knowledge is complex
and can benefit from automated deduction.

Inference also contributes to explainability. Beyond formal
inference, graphs in general offer more transparent data rela-
tionships. If an analysis finds that <ComponentA> is critical to
system failure, a graph representation can show exactly which
dependencies link the component to the outcome, forming an
explanation chain. Relational databases can store the same in-
formation, but the connections are implicit in foreign keys and
table designs, not as readily visualisable as a network. In con-
texts like KGs for enterprise data, for instance, users often nav-
igate the graph to understand why a specific recommendation
was made or how two pieces of information are related. This
mirrors human cognitive reasoning — we often explain things
via connections, e.g. ‘the reason the room is cold is that <Sensor1>,
located in that room, reports 15°C and the heating system linked
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to that room is off . Moreover, this way of reasoning is advanta-
geous not only for human users but also for machines, as KG
can be effectively integrated with Al methods, including Large
Language Models (LLMs), to support richer and more interac-
tive human-machine interaction®.

Despite these advantages, some trade-offs remain. Rela-
tional databases have benefited from decades of development,
resulting in highly optimised systems with robust tooling and
practices. Graph databases, by contrast, are comparatively re-
cent. Although they have advanced rapidly in the past decade,
managing truly large-scale graphs with billions of nodes and
edges often requires distributed graph processing frameworks
or specialised graph engines. In comparison, techniques for par-
titioning and sharding relational databases are long-established
and widely adopted.

For this reason, many contemporary knowledge-driven ap-
plications adopt a hybrid architecture: a graph database captures
core relationships and semantics, while a relational or document
store manages raw data or high-volume records. This division of
labour allows each technology to be employed where it is most
effective: graphs for connectivity, integration, and reasoning;
relational or document stores for transactional performance
and storage of unstructured data.

1.4 Bridging to AECO

The growing prominence of graph thinking in science and tech-
nology has not gone unnoticed in the AECO sector. This indus-
try, facing ever-increasing complexity in building information
management and lifecycle data, has begun adopting graph-
based approaches to model the rich relationships inherent in
built assets and their contexts.

In recent years, graph data structures have been employed
to digitally represent knowledge about buildings, their compo-
nents, and related processes throughout the building lifecycle.
This includes using graphs to map building elements and their
connections (spatial adjacency, functional dependencies) and
to integrate diverse data sources such as building information
models (BIM), sensor readings, maintenance records, and user
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information (Peng et al. 2024; Teclaw et al. 2024; Wang and
Sacks 2025).

One of the earliest applications of graphs in architecture is
undoubtedly linked to the spatial analysis of buildings and the
representation of systems of spatial connectivity, as in space
syntax (Mohamed and Van Der Laag Yamu 2024). In this con-
text, graphs provide a powerful means of modelling how rooms
and circulation routes are organised and interrelated, offering
valuable insights into accessibility, visibility, and functional
performance of buildings. When combined with ML techniques,
graph-based representations acquire further potential, for ex-
ample, in the generative design of new floor plans (Nauata et
al. 2020). Here, neural networks trained on graph encodings of
spatial relationships can produce novel configurations of rooms
and circulation systems, not simply by imitating existing plans
but by learning relational patterns (e.g., adjacency between
functional areas, hierarchical organisation of spaces) that char-
acterise effective architectural layouts.

Spatial analysis and generative design do not exhaust the
role of graphs in architecture and the AECO sector. An equal-
ly notable trend is the increasing use of KG to support digital
building management tasks (Ramonell et al. 2023).

Like other graph models, these building KGs represent enti-
ties (rooms, equipment, people, documents, etc.) as nodes and
their interrelations (e.g., isAdjacentTo, feedsInto, monitored-
By) as edges. Beyond that, they embed semantic meaning by
building domain ontologies to support inference and queries.
The main advantage in this perspective is data integration and
interoperability.

Building data traditionally exists in silos - CAD drawings,
BIM files, spreadsheets, databases, PDF documents — each cap-
turing a fragment of the whole (Merino et al. 2023). Graph-
based integration can provide a pathway to link these silos. For
instance, a KG can link a BIM model’s elements (walls, windows,
HVAC units) to real-time IoT sensor data and to maintenance
logs, enabling queries that span across these sources (like ‘find
all rooms on the second floor where temperature is below 19°C and
the last window inspection date is over a year ago’). Early research
and industry prototypes have demonstrated graph-based digital
twins of buildings, where a graph database serves as a unified
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semantic layer integrating static models and dynamic sensor
data (Ramonell et al. 2023). In such systems, graph queries and
analytics help facility managers identify patterns that would be
hard to discern from disconnected datasets.

Graph thinking offers a way to reconceptualise building data
not as isolated files or tables, but as a knowledge network of
building components, stakeholders, and processes. This paves
the way for more systemic analysis. The next chapter will delve
into this topic in depth, examining how graphs are explicitly ap-
plied in the AECO and built heritage domains.
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Notes

* The word derives from the Greek 6vtog, ontos (genitive singular of the pres-
ent participle of the verb etvay, éinai, ‘to be’) and Adyog, logos (‘discourse’),
and therefore literally means ‘discourse on being’. It can also derive directly
from ta 6vta, that is, ‘entities’, variously interpreted according to different
philosophical positions. (Pianigiani 2022)

? «An ontology is an explicit specification of a conceptualisation. The term I
borrowed from philosophy, where an ontology is a systematic account of Ex-
istence. For knowledge-based systems, what ‘exists’ is exactly that which can
be represented. When the knowledge of a domain is represented in a declara-
tive formalism, the set of objects that can be represented is referred to as the
universe of discourse. This set of objects, and the formalised relationships
among them, is reflected in the representational vocabulary with which a
knowledge-based program represents knowledge. Thus, we can describe the
ontology of a program by defining a set of representational terms. In such an
ontology, definitions associate the names of entities in the universe of dis-
course (e.g. classes, relations, functions, or other objects) with human-read-
able text describing what the names are meant to denote, and formal axioms
that constrain the interpretation and well-formed use of these terms.» (Gru-
ber 1993)

3 The Resource Description Framework (RDF) provides a foundation for en-
coding, sharing, and reusing structured metadata, introducing structural
rules that ensure semantics can be expressed unambiguously. It offers a mech-
anism for publishing vocabularies that are simultaneously human-readable
and machine-interpretable, thus fostering the reuse and extension of metada-
ta across diverse information communities. (Miller 1998)

* The Web Ontology Language (OWL) is a semantic language designed for cre-
ating, publishing, and sharing ontologies on the World Wide Web. Built as an
extension of RDF (Resource Description Framework) and derived from the
earlier DAML+OIL language, OWL provides a vocabulary for expressing struc-
tured knowledge. (Dean and Schreiber 2004)

®> The World Wide Web Consortium (W3C) is an international community that
develops open web standards, like HTML, to ensure the long-term growth and
interoperability of the web.

5 Inference refers to the automated reasoning process by which software sys-
tems derive new knowledge or establish implicit relationships from explicitly
encoded ontological specifications. Specifically, inference enables computa-
tional systems to deduce implicit facts from explicitly stated relationships and
constraints, apply logical rules systematically to generate new conclusions,
and establish transitive connections between entities through chains of de-
fined relations.

7 A complex system is «a system is two or more components that combine to-
gether to produce from one or more inputs one or more results that could not
be obtained from the components individually». (Grieves and Vickers 2017)

8 For instance, analysing a transportation network graph can highlight which
streets are most central to traffic flow, critical for congestion management,
while a graph of scholarly citations can identify influential papers or emerging
research communities.

9 As one example, the concept of the knowledge graph rose to fame when Goog-



le introduced its Knowledge Graph in 2012, which moved beyond keyword
search to connecting facts about real-world entities (people, places, things)
in a graph of relationships. Following Google, many technology companies
and scientific projects built their own knowledge graphs, making ‘knowledge
graph’ nearly synonymous with structured, linked knowledge in the 2010s.
(Singhal 2012)

0 For a further technical description of graph types, it is suggested to see the
review article from Das and Soylu, ‘A key review on graph data science: The
power of graphs in scientific studies’. (Das and Soylu 2023).

™ Cypher is a declarative query language designed explicitly for graph data-
bases, such as Neo4;j. It enables users to express complex queries about nodes
and relationships in an intuitive and human-readable manner, utilising a
syntax that resembles natural language. SPARQL is the W3C-standard query
language for accessing and manipulating data represented in RDE. It is widely
used within the Semantic Web to explore, integrate, and connect data from
diverse sources.

2 Well-known examples include the Google Knowledge Graph (Shingal 2012)
and Wikidata (Wikimedia Foundation n.d.), which interlink facts from diverse
domains in a way that is both human-intelligible and machine-processable.

3 GDS encompasses these as graph analytics, techniques that derive insights,
such as identifying key influencers or network vulnerabilities. For example,
centrality analysis on a citation network can identify seminal papers in a field
(highly cited nodes). At the same time, community detection on a product
co-purchase graph might reveal distinct customer segments.

 For example, a scholarly knowledge graph could link a ‘Research Paper’ (with
metadata from a relational DB) to ‘Authors’ (from an HR system), to “Top-
ics’ (from a taxonomy), to ‘Funding Grants’ (from a government XML feed).
Achieving this in a relational schema alone would be exceedingly complex.

> The next frontier involves integrating graph technologies with machine
learning — for example, incorporating KGs into LLMs and other Al systems
- and advancing tools that enable non-specialists to interact with graph data
using natural language or visual interfaces. We will explore this topic in great-
er detail at the end of the book.






2. GRAPHS IN THE AECO DOMAIN

Abstract

Building on the broader overview above, this chapter intro-
duces, more specifically, how graph data structures, especially
knowledge graphs (KGs) and labelled property graphs (LPGs),
are being used to manage building information.

The text begins with a brief literature review of graph data
structures in AECO, highlighting typical use cases spanning
data linking and integration to spatial and topological reason-
ing. Then it presents some of the most well-established ontol-
ogies for building performance management, which underpin
building KGs. A discussion about methods and tools for ontolo-
gy discovery and reuse follows this aspect. Next, the principles
and technologies of Linked Data are examined in the context of
the built environment.

At the end, the chapter surveys how KGs enable next-gener-
ation decision-support systems in building operations. The text
highlights implementation patterns, including connector ar-
chitectures, ontology federation, and hybrid graph-time-series
data platforms, and centres on current research and practices
that seek to leverage graph-based knowledge modelling in the
built environment.
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2.1 Uses of graphs in the AECO sector

Graph data structures have gained traction in AECO due to their
ability to model complex, interconnected information inherent
to buildings and their lifecycle.

From a data management perspective, a key driver of the use
of such data structures in this field is the need to manage the
many relationships among the components that characterise
building management: construction components, spatial ele-
ments, systems and equipment devices, activities, stakeholders,
users, etc (Pauwels et al. 2022). From a technological implemen-
tation perspective, graph-based approaches seem ideal for sup-
porting modern digital tools such as digital twins (DTs), which
often require integrating heterogeneous data streams, usually
in real-time or pseudo-real-time (Ramonell et al. 2023).

Two primary graph paradigms are employed in AECO: LPGs
and KGs. LPGs are graphs composed of nodes and edges that
can carry both semantic labels and attributes, offering a flex-
ible, direct mapping of building elements, their relationships,
and their properties. Using LPGs can be helpful for applications
where properties are tightly coupled to individual components
(for instance, the material, cost, and size attributes of a con-
struction component). KGs, on the other hand, embed data in
a semantic framework where nodes and edges are typed accord-
ing to an ontology, a semantic schema that enables logical rea-
soning and inference over the graph®.

Two typical problems addressed by graphs in AECO include
data integration and spatial reasoning.

On the one hand, graphs excel at connecting diverse data
spread among different formats and players into a single net-
work of information. For instance, a building KG can link a BIM
model to IoT data streams, maintenance logbooks, or other
external data, enabling unified queries across all information.
Graph-based representations can help align the schemas of dif-
ferent design tools, simulation engines, building management
systems (BMSs), and operational databases, thereby improving
interoperability and reducing information loss. Such integra-
tion tackles the long-standing issue of ‘fragmented data silos’ in
AECO, which graphs can mitigate by providing unifying seman-
ticlayers to digital systems. A couple of example graphs used for
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data integration tasks, coming from the literature, are shown in
Figure 5 and Figure 6.

On the other hand, a second key application of graphs in
AECO is spatial and topological reasoning. In this context, graph
networks are commonly used to represent spaces as nodes, and
their adjacency, or connectivity, as edges. This way of represent-
ing buildings underpins applications such as indoor navigation
and evacuation route analysis systems, which are intrinsically
conceived as networks®. In these systems, topological graphs
can help check building layouts against requirements (for exam-
ple, ensuring every space is connected to an exit route, or that
fire compartments are correctly isolated), offering a powerful
complement to geometric modelling. In the context of spatial
reasoning, graphs are also used to represent architectural lay-
out datasets (Figure 7 and Figure 8), which, alongside ML tech-
niques, can enable advanced spatial analytics, such as automat-
ing the generation of floor plans.

Among the many uses, graph databases have been used to
develop decision support systems (DSS) for building operations,
such as DTs. On such platforms, graph databases often serve as
the backbone that links static building data (e.g., from BIM or
equipment inventories) with dynamic data (e.g., from sensors
or other data streams) within a unified model. This semantic
integration can allow DT users to query knowledge about built
assets spanning multiple domains of information; for example,
‘find all occupied rooms that lack adequate ventilation’.

But applications are not limited only to spatial reasoning
and data integration. Given the potential of graphs, the AECO
research community has been exploring methods to gener-
ate graphs from raw or legacy data to speed up and automate
the knowledge modelling process. Examples include parsing
floor-plan images, converting laser-scanning point clouds into
graphs , converting BIM models into graphs, and automating
HVAC topology modelling for building performance simula-
tions (Wang et al. 2024). Additional developments over the past
few years have led to the emergence of Large Language Models
(LLMs) intersecting with graph techniques (Pan et al. 2023)such
as ChatGPT and GPT4, are making new waves in the field of nat-
ural language processing and artificial intelligence, due to their
emergent ability and generalizability. However, LLMs are black-
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box models, which often fall short of capturing and accessing
factual knowledge. In contrast, Knowledge Graphs (KGs. Graphs
and their structured knowledge bases indeed proved extremely
important for improving the contextual grounding of LLM out-
puts, enabling LLMs to serve as natural language interfaces for
querying graph data. This integration, known as Retrieval-Aug-
mented Generation (RAG), is an emerging area of research also
in the construction industry (Uhm et al. 2025).

Other emerging patterns in the field, especially in DT devel-
opment, include blending graphs with time-series data within
hybrid data architectures capable of handling both semantics
and big data storage (Chamari et al. 2022). In such applications,
a core KG provides ontology-backed semantics for static and
structural information; meanwhile, high-frequency data (e.g.,
from IoT sensors) is stored in scalable time-series platforms
or document databases, with semantic links between objects
and measurements maintained in the KG. Examples include
energy metering and monitoring systems that link smart me-
ter time-series to building entities through a semantic layer
(Chamari et al. 2022), indoor air quality (IAQ) monitoring plat-
forms that connect sensor data streams to spatial and equip-
ment models within a DT (Benfer and Miiller 2024), and fault
detection and diagnostics (FDD) frameworks that exploit hy-
brid architectures, combining a KG for semantic context and
time-series analytics for anomaly detection (Du and Luo 2023).

Despite the several advantages, challenges remain in terms
of standardising graph modelling practices across the industry
and ensuring these solutions scale with big data, issues that on-
going research and community efforts continue to address.



Figure 5. Example KG
structure for heritage
building conservation,
illustrating the
interconnectedness
of components,
environmental
conditions, materials,
and digital twin data
sources. Source:
(Hosamo and Mazzetto
2024)

Figure 6. Graph
representation of
aspaceinagraph
database integrating
BIM, BMS and loT data
on the Web. Source:
(Chamari et al. 2022)
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Figure 7. Sample bubble
diagrams and house
layouts in the House-
GAN dataset. Source:
(Nauata et al. 2020).

Figure 8. Sample of
the Modified Swiss
Dwellings 01 JSON,

a JSON derivation of
the Modified Swiss
Dwellings Dataset for
TopologicPy. Soucre:
(Jabi 2025)
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2.2 Ontologies in AECO

As discussed in the previous chapter, the concept of a graph is
closely intertwined with that of ontology. Ontologies provide
the semantic schemas that underpin KGs in the building do-
main, ensuring that entities, attributes, and relationships are
formally defined and consistently interpretable. For this reason,
research on ontologies has advanced in parallel with research on
graph technologies, and in the AECO field, a wide range of on-
tologies has been developed to support the creation and use of
KGs.

Lygerakis et al. conducted a systematic review and identified
the most significant ontologies for the building domain, focus-
ing on performance issues — the main scope of this book - and
categorising them by lifecycle phase: design or operation (Ly-
gerakis et al. 2022).

Among the ontologies for the design phase (Table 3), a range
of complementary ontologies and schemas allows for the mod-
elling and exchange of building information.

The Industry Foundation Classes (IFC) are the internation-
al standard for BIM, developed and maintained by building-
SMART International. (buildingSMART International 2025)
They provide a comprehensive, object-oriented schema for
sharing data of the built asset industry. IfcOWL provides a Web
Ontology Language (OWL) representation of the IFC schema.
(Pauwels and Terkaj 2019) Recognising the practical overhead
of the complete IFC vocabulary for some tasks, simpleBIM offers
a streamlined subset of ifcOWL. (Pauwels and Roxin 2016)

For performance analysis, Green Building XML (gbXML) pro-
vides a schema for data transfer between BIM and Building En-
ergy Models (BEMs). (Green Building XML (gbXML) Schema,
Inc. n.d.) Additional ontologies for building simulation include
the SimModel Ontology (Pauwels et al. 2014) and EnergyADE,
both of which focus on exchanging simulation inputs and out-
puts in more semantically explicit forms. Finally, Tubes targets
the description of building service systems at a high level, help-
ing to capture HVAC and related MEP (Mechanical, Electrical,
and Plumbing) logic beyond geometry (RWTH-E3D n.d.).

These ontologies and data schemas only form a small subset
of the ontologies for building design.
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From the perspective of building operations (Table 4), the
number of ontologies explicitly developed for digital building
management is substantial.

Some ontologies target the representation of sensing and
actuation in smart environments, including Semantic Sensor
Network (SSN) (Compton et al. 2012) and Sensors, Observations,
Samples, and Actuators (SOSA) (Janowicz et al. 2018), Web Thing
Model (WoT) (EVERYTHING 2017), and the oneM2M Base On-
tology (oneM2M 2019), which provide formal means to describe
sensor networks, virtualised objects, and syntactic interopera-
bility for IoT frameworks.

Others focus more explicitly on energy-aware and intelligent
control systems, including ThinkHome (Reinisch et al. 2010),
Smart Energy Aware Systems (Kukkonen et al. 2022), and the
Ontology of Smart Building (SBOnto) (Zacek and Janosek 2017),
while domain-specific frameworks such as BOnSAI (Stavropou-
los et al. 2012) and SAREF (Lefrangois et al. 2024) support am-
bient intelligence and device-level interoperability.

Project Haystack (Community 2025), the Haystack Tagging
Ontology (Charpenay 2020), and the Brick Schema (Balaji et al.
2018) have emerged as widely adopted tag-based or ontolo-
gy-driven standards for describing building equipment, points,
and control logic. More recent efforts, such as the Google Digital
Building Ontology (DBO) (Berkoben et al. 2020) and RealEstate-
Core (REC) (Hammar et al. 2019), aim to provide higher-level
frameworks for asset management, usage optimisation, and in-
tegration with enterprise systems.

Beyond the building scale, ontologies such as KM4City (Belli-
nietal. 2018), the Facility Smart Grid Information Model, EM-KPI
Ontology (Li et al. 2019), and RESPOND (Esnaola-Gonzalez and
Diez 2020) extend these approaches to encompass energy man-
agement, grid interaction, and urban mobility.

As the number of ontologies for buildings continues to
grow, identifying, selecting, and reusing the most appropriate
becomes increasingly challenging®. To mitigate this issue, sev-
eral initiatives have emerged to encourage ontology discovery
and reuse, limiting the development of new ontologies to cases
where it is strictly necessary. Among these, the Built Environ-
ment Ontology Lookup Service (BE-OLS) is an initiative promot-
ed by the EC3 M&S Committee (Arghavan Akbarieh et al. 2025).



Table 3. Ontologies
for building design
reviewed by Lygerakis
et al. (Lygerakis et al.
2022)
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BE-OLS provides a centralised repository and registry of on-
tologies relevant to the built environment (Figure 9). Inspired
by general ontology libraries such as Linked Open Vocabular-
ies (LOV), it is specifically tailored to the needs of the AEC and
Facility Management (FM) community. It aims to support re-
searchers and practitioners in discovering existing ontologies,
evaluating their use, and understanding how they may be con-
nected or integrated, rather than duplicating efforts by creating
yet more ontologies. BE-OLS aggregates metadata about several
AECO ontologies (including scope, publisher, and applications)
and offers search functionality by keyword or domain (e.g.
‘HVAC’, ‘geometry’, ‘heritage’). A further feature is ontology
evaluation, based on three criteria (i.e., accessibility, connectiv-
ity, and reuse & documentation), which guides users to ontolo-
gies that are actively maintained or widely adopted.

Name Scope/Description Year

Industry Foundation Gives spatial and other properties to 2013

Classes (IFC) every building entity

ifcOWL Descriptive OWL representation of IFC 2016
schema

simpleBIM Simplified version of ifcOWL 2017

Green Building XML Information exchange between BIMand 2000

(gbXMmL) Energy Models

Tubes High-level description of building service 2020
systerms

SimModel Ontology Exchange of energy simulation data 2014

EnergyADE Exchange of energy simulation data 2014
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Name Scope/Description Year
Semantic Sensor Focuses on sensors in buildings 2011
Network/Sensor,
Observation, Sample,
and Actuator
(SSN/SOSA)
Web Thing Model Model to describe the virtual 2015
(WoT) counterpart of physical objects in the
Web of Things
oneM2M Provide syntactic and semantic 2016
BaseOntology's interoperability between oneM2M and
external systems
One Data Model Model to support a common language 2018
(OneDM) for the Internet of Things
Smart Energy Aware 2016
Systemns
ThinkHome Ontology that includes concepts needed 2011
to realise energy efficient and intelligent
contral mechanisms
Building Ontology for A smart building ontology for ambient 2012
Ambient Intelligence intelligence
(BONSAI)
DogOnt Model for all devices being part of loT 2008
inside a smart environment
Ontology of Smart Smart Building Ontology 2017
Building (SBOnto)
Smart Applications Matches existing assets in the smart 2014
REFerence (SAREF) applications domain
Project Haystack 3 Hierarchical representation of building 2014
entities and concepts utilising tag sets
BASont Building Automation and Monitoring 2012
Project Haystack 4 Hierarchical representation of building 2019

entities and concepts utilising tag sets

Table 4. Ontologies
for building operation
reviewed by Lygerakis
etal. (Lygerakis et al.
2022)
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Name Scope/Description Year
Haystack Tagging Streamlining Data from loT based on 2016
Ontology (HTO) Project Haystack
Brick Schema Metadata and data points from building 2016
advancement and needs based on end-
use applications
Google Digital Building  Represent structured information about 2020
Ontology buildings and building-installed
equipment
Semantic BMS BAS-protocol-independent model of 2016
ontology (SBMS) intelligent building systems
CTRLont Model of Control Logic in Building 2017
Automation Systems
Green Button Building Automation and Monitoring 201
RealEstateCore (REC)  Usage analysis, optimisation, and 2017
presence analysis of a building structure
Building Topology Representation of physical and 2019
Ontol BO conceptual objects of a building and the
connections between them
Building Automation Supports the modelling control 2017
and Control Systems behaviour in a BAS, physical devices of
(BACS) BAS and their location in the building
and connection to technical equipment
and appliances
Knowledge Model for ~ Representation model for the city and 2014
City (KM4City) mobility
EM-KPI Ontology Enhance energy management at district 2017
and building levels
Facility Smart Grid An abstract information model of what 2014
Information Model the Smart Grid looks like from the
perspective of a facility
RESPOND Manage real-time optimal energy 2020

dispatching, considering all energy
assets on-site

53




o4 Conceptual and technological foundations

gies
3

[ Infermation Management H Circular Ecenamy H Energy H BE Product {|nirastructure} H BE Product (Buikding] ]

=

[ Structural [Performanee] [ Quality ][ Geographic Information ][ Production (Process) H Resaurces

I 10T SensorsiActuators ” Fire Safety H Geometry ” Pianning Permission H Mobility Transpart l! Facilities Management H Weather/Climate ]

BIMERR Key Performance Building Performance Ontology
Indicator ontology

Frieary Domain: En

SR

FAR Score: 15 Secondary Domain: |
2020 FAIR Scorm: Nk

o ca——

Digital Construction - Energy Energy and Resource Information Energy Efficiency Prediction

Semantic Assistant ontology

Primary Domain: Primary Damain: Enesgy
Sacandary Doamal ‘Secoadary Domain: N
FAIR Score: 1o FAIR Scor: Mk

2019 2013

Figure 9. Screenshot
from the Built
Environment Ontology
Lookup Service website
(September 2025). (EC3
M&S Committee 2025
2025)



Graphs in the AECO domain 2

2.3 Linked Data for the built environment

2.3.1 Core principles

When discussing graphs and ontologies in support of digitali-
sation processes, it is essential to address the notion of Linked
Data (LD), a set of principles and technologies introduced by
Tim Berners-Lee (Bizer et al. 2009) and developed by the W3C
for publishing and interlinking structured data on the web.

LD provides a framework for representing information in
graph-based data models, ensuring that entities and their rela-
tionships can be consistently interpreted across heterogeneous
systems. Its principles are widely regarded as the foundation of
the semantic web and are increasingly relevant to digitalisation
in the AECO sector.

The core principles of LD are:

e Use Uniform Resource Identifiers* (URIs) to uniquely
name entities so they can be referenced unambiguously
across multiple systems;

e Make these URIs dereferenceable using HTTP, enabling
humans and machines to look them up and retrieve
valuable information;

e Provide information in standardised formats (nota-
bly RDF and related serialisations) so that data is ma-
chine-readable and semantically interpretable;

e Includelinks to other URIs to enable discovery of related
resources and to interconnect datasets.

Together, these principles ensure that data elements are not
isolated records but form a web of data.

2.3.2 Graph serialisation

In the context of LD, graph serialisation refers to the process
of writing graph data to a file format so it can be stored, ex-
changed, and processed by machines.

Two popular serialisation formats for graph data are Turtle
and JSON-LD. Turtle (Terse RDF Triple Language) is a plain-text,
human-readable format for RDE. It represents triples in a com-
pact form using namespace prefixes. It is commonly favoured
by ontology engineers and in documentation because of its
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readability and ease of editing®. JSON-LD (JavaScript Object No-
tation for Linked Data) is a JSON-based format that allows RDF
data to be serialised as JSON documents. JSON-LD is especially
useful for linking building data with other web data sources or
for retrieving data from web services. It is more common for
developers who work with JSON, web APIs (Application Pro-
gramming Interfaces), and web applications.

The following snippets illustrate how an example Brick graph
— containing one storey, one space, and one sensor — can be rep-
resented both in Turtle (Figure 10) and JSON-LD (Figure 11).

Two sections characterise both formats. The first contains
the context data, which refers to the ontologies used in the
graph, mapping JSON keys to RDF IRIs and datatypes, ensuring
that the data follows the semantics defined by the ontology, @
prefix in Turtle and @context in JSON-LD. The second section
contains the actual data, where objects are mapped along with
their IDs, semantic classes, and relationships with other ele-
ments (e.g., <Temp_Sensor_101> hasLocation <Space_101>).

Both Turtle and JSON-LD allow the same underlying graph
to be represented in different ways. The choice may depend on
the use case. The choice between the two depends on the spe-
cific needs. JSON-LD is ideal for web applications and data ex-
changes that use JSON. In contrast, Turtle excels in readability
and expressiveness, making it better suited for more complex
datasets or cases where greater clarity is required.
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Figure 10. Serialisation
of an example graph
through Turtle.

@prefix brick: <https://brickschema.org/schema/Brick#> .
@prefix rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> .
@prefix rdfs: <http://www.w3.0rg/2000/01/rdf-schemat#> .
@prefix ex: <https://example.org/building#> .

ex:Storey_1 a brick:Storey ;

ex:Space_101 a brick:Space ;
brick:hasLocation ex:Storey_1 .

ex:Temp_Sensor_1061 a brick:Temperature_Sensor ;
brick:hasLocation ex:Space_101 .

Figure 11. Serialisation {
of an example graph "@context": {

through JSON-LD. "brick": "https://brickschema.org/schema/Brick#",
“rdf": "http://www.w3.0rg/1999/02/22-rdf-syntax-ns#",
“pdfs”: “http://www.w3.org/2000/01/rdf-schema#",
"ex": "https://example.org/building#"

})

"@graph": [

"@id": "ex:Storey_1",
"@type": "brick:Storey",

3

"@id": "ex:Space_1@1",
"@type": "brick:Space",
“brick:hasLocation”: { "@id": "ex:Storey 1" }

},
{

"@id": "ex:Temp_Sensor_101",
"@type": "brick:Temperature_Sensor",
“brick:hasLocation™: { “"@id": "ex:Space_101" }
}
]
}
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2.3.3 Query languages
Once building data is in a graph form, query languages are need-
ed to extract it.

SPARQL is the W3C-standardised query language and pro-
tocol for retrieving and manipulating data stored in RDF for-
mat. It was initially published by W3C as a recommendation
in January 2008 (SPARQL 1.0) and later extended to SPARQL
1.1 in March 2013. SPARQL enables users to write queries that
operate over RDF’s triple-structure (subject-predicate-object).
It supports triple patterns, conjunctions, disjunctions, and op-
tional patterns, enabling expressive graph pattern matching
and traversal. Unlike conventional relational databases, where
the schema is separate, in RDF, the schema (ontology) can be
intrinsic to the data. SPARQL can execute operations analogous
to joins, sorting and aggregation across graph-structured data,
as well as path-traversal queries (including transitive relation-
ships).

SPARQL supports several query forms, each suited to differ-
ent purposes:

e  SELECT: extracts raw values in tabular form.

e CONSTRUCT: produces an RDF graph as output, en-
abling transformation of query results into RDE.

e ASK: returns a Boolean value (true/false) answering
whether the query pattern matches.

e DESCRIBE: returns an RDF graph about the resources
matched by the query; the actual graph is left to the
endpoint to define.

SPARQL 1.1 further introduced additional forms for updat-
ing RDF data (INSERT, DELETE) and more advanced features.

Because SPARQL is designed for the semantic web and LD
paradigms, it plays a key role in querying and integrating het-
erogeneous datasets across domains without requiring a rigid,
centralised schema. It enables flexible data modelling via on-
tologies and supports federation across multiple endpoints and
datasets (federated queries). A simple SELECT query is provid-
ed in Figure 12. In addition to SPARQL, other query languages
can be used for extracting graph data. For LPG databases like
Neo4j, the primary query language is often Cypher, though al-
ternatives such as Gremlin and GQL (Graph Query Language)
are available.



Figure 12. Example
SPARQL query

that retrieves all
temperature sensors
together with the
spaces and storeys in

which they are located.

Figure 13. Example
Cypher query

that retrieves all
temperature sensors
together with the
spaces and storeys in

which they are located.
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Cypher is Neo4j’s declarative graph query language and is
compliant with the GQL standard. It provides syntax that is in-
tuitive and visually oriented, using ASCII-art style patterns (e.g.,
(:node)-[:REL]->(:other)) to represent graph structures. Nodes
are represented with parentheses, e.g., (n:Label). Relationships
are represented with square brackets and arrows, e.g., (a)-[:R-
ELTYPE]->(b) for a directed relationship. Properties are key-val-
ue pairs assigned to nodes or relationships, e.g., {name:'Sally’,
age:30}.

Cypher uses a graph pattern syntax to find subgraphs with-
in the larger graph. A typical Cypher query might look like:
MATCH (v:Room)-[:CONTAINS]->(s:Sensor) WHERE s.value >
100 RETURN r.name, s.id. This would return rooms r and sen-
sors s where the sensor’s value is over 100. Cypher tends to be
intuitive for those with a lower programming background. In
AECO contexts, Cypher is also frequently used for tasks such as
pathfinding, centrality analysis, and simple graph operations.
An example Cypher query is shown in Figure 13.

PREFIX brick: <https://brickschema.org/schema/Bricki#>
PREFIX ex: <https://example.org/building#>

SELECT ?sensor ?space ?storey
WHERE {
?sensor a brick:Temperature_Sensor ;
brick:hasLocation ?space .
?space brick:hasLocation ?storey .

}

MATCH (sensor:Temperature_Sensor)-[:LOCATED_IN]->(space:Space)-
[:LOCATED_IN]->(storey:Storey)
RETURN sensor, space, storey;.

}
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2.3.4 Validation, constraints, and data quality

In a KG representing a building, data validation is crucial to
ensure the consistency and reliability of the information. Un-
like a traditional relational database, where a schema enforces
data types and relationships, graph data can be more flexible, a
strength but also a risk if incorrect data slips in.

To respond to the need for data validation in graphs, the Se-
mantic Web community has developed shape languages such
as SHACL (Shapes Constraint Language) and ShEx (Shape Ex-
pressions). The former was designed to enhance the semantic
and technical interoperability layers of ontologies expressed as
RDF graphs; the latter was a proposed high-level language for
RDF validation. These shapes can be used to validate a given KG
and catch errors’. In the AECO domain, where data comes from
many sources, using such constraint checks is a good practice to
maintain a high level of trust in the KG.

Identifiers are another critical aspect in graphs, as already
seen for Turtle and JSON-LD. To avoid any error, each real-world
entity must be unambiguously identified in the graph. In RDE,
this means assigning a URI to every entity. Other projects use
IRI patterns or tagging schemes. There are also standard identi-
fier schemas, such as GUIDs from BIM models. The important
thing is that identifiers are unique, since stable identifiers help
merge data from different sources. Good identifier manage-
ment also facilitates versioning: if a building undergoes reno-
vation and rooms are renumbered, the KG maintainers might
choose to mint new URIs for new rooms but keep old ones for
historical data, linking them via a ‘wasPreviousVersionOf’ rela-
tion or similar.

Data versioning in graphs is essential because building data is
rarely static. This is critical for instance data but also for ontolo-
gies, since ontologies themselves can change or be updated over
time®. In some cases, for instance data, capturing snapshots
over time can be needed. Some projects adopt a temporal triple
approach or use named graphs to denote different states. More
simply, maintaining a clear process for updating the KG when
source data changes ensures that users of the KG know how cur-
rent it is and can trace changes.

Other essential data for scaling up KGs are provenance meta-
data. In a federated building KG, where data likely comes from
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BIM files, sensor systems, user inputs, etc, using standards or
simpler annotations can allow for tagging every triple or node
with its source or trust level. Provenance tracking is especially
relevant when the KG is used for decision-making, when users
need to trust the data.

Together with a robust ontological framework underlying
the KG, these practices ensure that, as the KG grows in scope
or over time, it remains a reliable resource for decision support.

2.4 Knowledge graph applications for digital building
management

2.4.1 Digital twins for the built environment

The value of graph-based modelling in the AECO sector is in-
creasingly evident through the development of applications
that support decision-making across the entire building life-
cycle. Among these, DTs — virtual replicas that integrate static
information with dynamic, real-time data (Grieves and Vick-
ers 2017) — have recently gained prominence in research and
now represent a leading example of an emerging paradigm that
draws significant benefit from KGs.

In recent years, the DT paradigm has emerged as one of the
most promising drivers of the digital transformation across
multiple industries. Initially conceived in the manufactur-
ing sector (Grieves and Vickers 2017; Tao et al. 2019) (Figure
14), the concept has since been extended to diverse domains,
including aerospace, automotive, healthcare, agriculture, envi-
ronmental monitoring, emergency management, and construc-
tion. (Boje et al. 2020) Across these fields, the value of DTs is
increasingly recognised in their capacity to enhance visualis-
ation, monitoring, and optimisation of products and processes
(Gerber et al. 2019).

Synthesising various definitions from the literature®, a DT
may be described as an information environment capable of ab-
stracting, structuring, processing, and visualising data relevant
to an object, process, environment, or system that exists — or is
intended to exist - in the physical world. Within the AECO sec-
tor, DTs are expected to provide the means to describe, inspect,
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monitor, maintain, and manage built assets across their entire
lifecycle by integrating static data (e.g. BIM-GIS models) with
dynamic or real-time data (e.g. IoT devices, sensor networks, or
user input). Looking forward, the convergence of DTs with Al is
anticipated to enhance their capabilities further, enabling them
to reason, learn, optimise, predict, support decision-making,
and, ultimately, autonomously adapt or influence their physical
counterparts.

Although a variety of definitions exist'?, there is a broad
consensus in the literature regarding a set of fundamental re-
quirements that a DT should fulfil. A widely accepted premise
is that information must flow from the physical asset to its dig-
ital counterpart, which in turn necessitates real-time or near-
real-time updates to ensure that the virtual representation ac-
curately reflects the current state of the physical system. An-
other commonly acknowledged expectation is that a DT should
actively support the operation and management of its physical
counterpart, for example, by providing predictive insights to in-
form control strategies, maintenance planning, and component
analysis.

To formalise these requirements, Ganguli and Adhikari
(Ganguli and Adhikari 2020) identified four essential aspects
of DTs:

1. modelling and simulation;

2. data fusion (where the use of KGs can be essential);
3. interaction and collaboration;

4. services.

Complementing this perspective, Boje et al. (Boje et al. 2020)
proposed a more detailed framework for the built environment,
defining nine technical requirements — connectivity, interop-
erability, extensibility, modularity, reusability, maintainability,
scalability, security, and controllability — and fourteen function-
al abilities, including sensing, monitoring, actuation, integra-
tion, storage, sharing, linking, emulation, diagnosis, visualis-
ation, simulation, prediction, optimisation, and reaction.

The survey of DT initiatives across different contexts high-
lights the diversity of scales, domains, and applications at which
such technologies are being deployed.

At the city scale, projects such as Virtual Singapore (National



Figure 14. DT
conceptual model
proposed by Grieves
and Vickers (Source:
(Grieves and Vickers
2017)). Graphic
elaboration from the
author

Graphs in the AECO domain 63

Research Foundation Singapore n.d.), the Helsinki (Ruohomaki
etal. 2018) and Zurich City Digital Twins (Schrotter and Hiirzeler
2020) and the Newcastle and Gateshead Flood-PREPARED Project
(Northumbria University 2019) demonstrate the use of DTs for
urban planning, infrastructure management, climate and ener-
gy simulation, and risk assessment. At the district level, exam-
ples such as the Port of Antwerp (Port of Antwerp Bruges n.d.),
Queen Elizabeth Olympic Park (Dawkins et al. 2018), and Trent
Basin projects focus on energy monitoring, logistics, and user
engagement, reflecting a growing focus on neighbourhood-scale
optimisation and citizen participation. Moving to the building
scale, initiatives such as the Milan Cathedral, West Cambridge
Campus (Merino et al. 2023), and the Stafford Railway Bridge
demonstrate how DTs can support structural monitoring, cul-
tural heritage conservation, and facility management. Finally,
at the system scale, research prototypes such as those by Xie
et al. (Lu et al. 2020), Matsuda and Ooka (Matsuda and Ooka
2020), and Tran et al. (Tran et al. 2021) illustrate the use of DTs
for equipment-level optimisation, energy performance analysis,
and quality control in prefabrication, respectively.
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2.4.2 Graph-based digital twins

As described by Lu (Lu et al. 2022), the system architecture of
DTs is often organised as a multi-layered framework composed
of several interconnected layers, each with a distinct function in
managing the building data lifecycle.

Six consecutive levels can typically be distinguished (Mas-
safra 2024) (Figure 16). The data acquisition layer (1) captures
structured inputs (e.g. BIM and BPS models, SaaS data) along-
side unstructured sources (e.g. point clouds, documents, and
sensor data). These are then transferred through the data
transmission layer (2), which manages the heterogeneous re-
quirements of models, documents, and real-time [oT data, with
blockchain and open-system APIs ensuring reliability, tracea-
bility, and interoperability. Collected information is stored in
the data storage layer (3), which can rely on data warehouses for
structured data and data lakes for raw, unstructured data, with
emerging lakehouse paradigms combining both. From there,

Figure 15. DT
conceptual model
proposed by (Tao et al.
2019), on the bottom.
Graphic elaboration
from the author.
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the data extraction and processing layer (4) employs ETL (Extract,
Transformation, Load) tools, APIs, and algorithms to run cal-
culations. The data integration layer (5), often supported by LG
and LD approaches, then links all data stored in the data stor-
age layer and calculated in the data extraction and processing
layer. Finally, the data visualisation layer (6) operationalises the
architecture by providing front-end services, dashboards, and
applications tailored to user needs.

Of particular relevance for this work is the data integration
layer, which constitutes the core of this system architecture. At
this level, KGs and semantic technologies are employed to in-
terlink heterogeneous datasets and represent Buildings as Net-
works, thereby enabling structured information management.

This is among the most promising domains for graph data-
base applications. In the context of DTs, graph-based integra-
tion establishes a unified data environment in which all sources
are connected through relationships. For instance, a digital twin
KG may link a Room object (modelled in BIM via ifcOWL/BOT) to
a CO, sensor (described with Brick), to the corresponding HVAC
Terminal (via Brick), and to the MaintenanceRecord document-
ing the last filter replacement. Such representation supports
cross-domain queries. For example: Are rooms with high CO, also
those with overdue HVAC maintenance?’ That would be far more
difficult to answer if the data remained siloed.

A key pattern in graph-based DT platforms is the use of con-
nector architectures within the data extraction and processing
layer. Connectors are modular scripts or services that translate
native data (such as an IFC file, a CSV of sensor readings, or an
API from a maintenance system) into entries in the KG via ETL
processes. Each connector knows how to map its source’s data
schema to the KG’s ontology.

For instance, an IFC connector might iterate through spac-
es and equipment in a BIM model and create corresponding
BOT and Brick instances in the KG. A sensor connector might
pull the latest readings from a time-series database and attach
those values to the corresponding Brick Point nodes in the KG.
By having separate connectors, the system can be flexible and
extensible, and new data sources can be added by writing a new
connector without disrupting the overall architecture.

Because of data heterogeneity, many DT implementations
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adopt the hybrid storage approach described earlier in the text:

keep the KG for what it does best (semantic relationships

and context) and use specialised stores for what they do best

(time-series, big data).
For example, Merino et al. (Merino et al. 2022) developed a

DT for HVAC fault detection in an educational building by using

a KG for the static relationships (building topology from IEC,

HVAC system structure from Brick) and a data lake for storing

the sensor time-series; the two were linked via unique equip-

ment and sensor identifiers. This allowed real-time data to be

ingested without overwhelming the graph database, while still

allowing the reasoning engine or query mechanism to under-

stand how the data relates to the building context. Another

implementation integrated BIM, BMS, and IoT data by using

an RDF graph for static data (IFC and Brick ontologies) and a

MongoDB for high-volume sensor data, thereby overcoming

performance limitations of RDF stores when handling millions

of time-stamped readings (Chamari et al. 2023). Figure 16. Reference
In both cases, the static and dynamic parts of the twin re- Zﬁg”;ﬁfﬁ';ijﬁ}fe

mained connected. The KG holds references to the time-series  environment. Source:

. . . . . (Massafra 2024)
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2.4.3 Emerging patterns

In summary, across various case studies and applications in the
literature and industry, several recurring patterns can be iden-
tified. A brief list is provided to open the floor for the following
chapters, which will introduce the methodological foundations
of ‘Buildings as Networks’. These are:

KG as semantic backbone, time-series in external store. stat-
ic knowledge (building structure, system relationships,
metadata) resides in graph databases, while dynamic sen-
sor data resides in a time-series database or cloud data
lake.

Ontology federation for multi-domain integration. By fed-
erating ontologies and data in graphs, the domain’s data
can be expanded or updated independently without over-
hauling the entire knowledge model.

Use of standards and open tools. Many applications rely on
open-source graph databases and standard formats to
maximise interoperability and avoid vendor lock-in.
Connectors and APIs. Successful deployments often hinge
on a robust set of connectors (to get data in/out of the
KG) and APIs that expose the integrated data to other
services.

Incremental adoption via pilot projects. Many research proj-
ects start small - e.g., creating a KG for one building or
one use case — then scale up.

The issues outlined here lay the groundwork for more de-
tailed explorations in subsequent chapters of this book, which
will delve into specific case studies of graph applications in built
heritage and beyond.
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Notes

* The choice between LPG and KG may depend on the use case. In general,
LPGs focus on efficient data storage and traversal, utilising nodes and edges
with key-value properties. On the other hand, KGs emphasise semantic mean-
ing, and reasoning through formal models such as RDF triples and ontologies.
For these reasons, LPGs are often chosen for real-time analytics and applica-
tions with schema-optional models. In contrast, KGs are better suited for data
integration, publishing, and complex reasoning across diverse datasets.

2 As we will see in some demonstrations in later chapters of the book, in this
context, graph algorithms can then compute shortest paths for egress or ana-
lyse connectivity to identify critical nodes in an evacuation system, providing
critical information both in building design and management.

% This exponential growth in building ontologies raises a paradox: ontologies
are designed to promote the standardisation and homogenisation of knowl-
edge; however, unchecked proliferation could fragment the domain. Since
each new ontology effectively establishes its own language, the risk is that it
standardises only the workflows of its authors, thereby creating barriers to
shared communication across the sector.

* A Uniform Resource Identifier is a unique sequence of characters that identi-
fies an abstract or physical resource. Examples of URIs include a web address
(URL), a document, an email address, a book’s ISBN code, or a telephone num-
ber with an international dialling code.

® Many building ontology files (BOT, Brick, etc.) are published in Turtle (.ttl)
format.

6 The data model used by Neo4j consists of nodes and relationships, both of
which may have properties. Nodes represent entities (with labels and attrib-
utes), and relationships represent connections (with types and attributes)
between nodes. Labels on nodes help categorise nodes (similar to types in re-
lational tables) and improve query performance.

” For example, by writing a SHACL shape, it is possible to check: ‘if every
bot:Building has atleast one bot:Storey’, or ‘if an instance is of type brick: Tem-
perature_Sensor, it must have a brick:hasPoint relationship to a brick:Equip-
ment’, and so on.

8 A KG should ideally record which version of an ontology it conforms to, as
definitions might change.

% One of the most comprehensive definitions is the one proposed by the BIM
Dictionary (BIM Dictionary 2020), which defines the DT as a set of digital as-
sets consisting of models, documents, and data that represent a physical asset
for all or part of its lifecycle. Thus, these are typically three-dimensional mod-
els -for example, building models-, rich in data -both static and dynamic- that
can enable the physical twin - the existing building- to be known, represented,
monitored, and, in some cases, transformed.

10 As with any novel concept, there are still different definitions and interpre-
tations of DTs. On the surface, a DT might appear to be the same as any BPS
or ML model because it is a software representation of some physical entity.
Another way to think about a DT in the current literature is as something
quite similar to a BIM (de Wilde 2023). As a consequence, while DT is widely
regarded as a promising innovation, it has also faced criticism for its some-
times unclear objectives regarding optimisation and efficiency.
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3. FEDERATING ONTOLOGIES FOR CROSS-DISCIPLINARY
KNOWLEDGE MODELLING

Abstract

Building on the background exposed in the preceding section,
this chapter introduces the research methodology proposed by
‘Buildings as Networks. In particular, the text presents an ontol-
ogy-federation methodology as the core of a cross-disciplinary
Knowledge Graph (KG) framework for building performance
management systems.

First, the federation approach is presented as an effective
way to address the AECO sector’s data integration gap, along
with its rationale, advantages, and challenges. Then, the chap-
ter describes the set of reference ontologies selected for the
research, spanning building geometry and topology, building
systems, sensor observations, and performance metrics, and
explains how these are integrated. Next, a Federated Ontology
Framework (FOF) is depicted, highlighting how thematic mod-
ules align classes and relationships across sub-ontologies to
represent building performance information comprehensively.
Finally, the chapter discusses how the FOF is serialised using
JSON-LD syntax, coupled with Labelled Property Graph (LPG)
technology to build semantically robust storage systems.
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3.1 Understanding ontology federation

3.1.1 Definition and rationale of ontology federation

One particular challenge for AECO is the domain’s vast, hetero-
geneous scope. Indeed, the lifecycle of buildings involves sever-
al aspects: architectural design, layout features, structures and
construction, equipment systems, smart infrastructures, uses,
activities and occupancy, energy, comfort, maintenance and
renovation, environmental issues, and more. As a direct conse-
quence of the vastness of the domain, no single ontology exists
that covers all its facets™.

A practical solution for modularly representing issues span-
ning such a wide domain and enabling the creation of cross-dis-
ciplinary and multiscale knowledge systems is ontology federa-
tion. This term refers to the process of connecting and integrat-
ing multiple ontologies — each developed independently, with
distinct schemas and vocabularies, and covering a specific scope
- into a unified, coherent framework (Figure 17).

Instead of attempting to create a monolithic ‘all-encompass-
ing ontology’ covering every aspect of the built environment,
federation provides a strategy for reusing already existing spe-
cialised ontologies in concert. The federation produces a fed-
erated ontology, which, in essence, is a high-level schema that
serves as a conceptual model for linking domain-specific sub-
ontologies to represent a knowledge domain jointly. This aligns
with the general graph principle of flexibility and heterogeneity,
where different subdomains contribute to building knowledge
with their node and relationship types, and the graph links
them as parts of a wider, interoperable system?.
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Figure 17. Ontology
federation.




I Methodological framework

3.1.2 Advantages and challenges of ontology federation
Federating ontologies carries several key advantages and chal-
lenges for knowledge modelling in complex domains.

Starting from the advantages, they can be summarised in:

+ modularity and autonomy;

+ semantic interoperability;

« scalability and extensibility;

+ reduced redundancy;

+ cross-domain consistency.

First, because each domain ontology remains self-contained
within the federation, ontology federation promotes modular-
ity and autonomy, allowing subontologies to preserve internal
consistency and domain experts to continue evolving them
independently. The federated model references subontologies
rather than rewriting them, so updates to a subontology can be
incorporated without redesigning the whole system.

Second, by explicitly mapping relationships between hetero-
geneous data models, federation promotes semantic interopera-
bility, enabling knowledge to flow across subdomains. Aligning
concepts through explicit labels ensures that data from differ-
ent models and databases can be understood in relation to each
other, which is crucial for integrated building management.

Third, ontology federation promotes scalability and exten-
sibility because new ontologies (and, by extension, new data
sources or domains) can be integrated into the KG over time
with minimal impact on existing components. The extension of
graph databases does not require a complete redesign to accom-
modate additional domains, making the federation approach
future-proof as the scope of building data expands.

Fourth, by leveraging existing ontologies developed by
well-established standards bodies and research communities,
the federation reduces redundancy, i.e., it prevents redundant
modelling efforts. When starting a project, rather than invent-
ing a new schema that covers every aspect (with the attendant
risk of inconsistency), the methodology reuses existing vocab-
ularies, which accelerates development and grounds the KG in
community-vetted standards.

Finally, by declaring which classes in different ontologies
correspond to each other and how data properties relate, feder-
ation ensures cross-domain consistency through explicit semantic
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alignment, resulting in a unified view of information in which
queries can traverse relationships between different types of
building data.

Despite its benefits, ontology federation introduces some
challenges that must be carefully considered before embarking
on such a path.

Designing and maintaining the alignments between ontolo-
gies can be complex and labour-intensive, and it requires a good
understanding of the ontologies to be federated. Each ontolo-
gy has its own structure and logic, so identifying equivalent or
related concepts and deciding how to connect them demands
both domain knowledge and ontology engineering skills. Given
the great variety of ontologies and the different purposes for
which they have been built, ensuring that these mappings are
correct and unambiguous is non-trivial. There is often an align-
ment overhead and, sometimes, bridging classes, properties, or
rules need to be created to reconcile differences or overlaps be-
tween subontologies®.

In addition, a federated model can become complex to main-
tain. Changes in any of the subontologies (e.g., new versions or
extensions) may require updates to the federation alignments.
This necessitates ongoing governance: monitoring ontology de-
velopment, managing version control, and potentially adopting
an upper-ontology or a common alignment strategy to handle
how terms from different sources relate. Without careful gov-
ernance, inconsistencies can arise as ontologies evolve.

Finally, exceptionally complex federations lead to poorly ac-
cessible knowledge systems. The more complex the federated
ontology network, the steeper the learning curve is for those
who need to use or extend it. A right composition should be
found when building a federated ontology that should, on the
one hand, be as simple and understandable, and on the other,
sufficiently accurate not to constrain domain modelling.
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3.1.3 Methodological process for federating ontologies
Creating a federated ontology involves a systematic process,
typically including the following steps:

1. Ontology selection;

2. Alignment design;

3. Mapping and bridging axioms;

4. Integration and testing.

In the first phase, ontology selection, suitable reference ontol-
ogies for each knowledge domain relevant to the problem rep-
resentation are identified. Criteria for selection include domain
scope, maturity, community adoption, compatibility with other
ontologies, accessibility, and good documentation. For a build-
ing performance management graph, for instance, the chosen
ontologies should cover areas such as building topology (spaces
and elements), building systems (equipment, HVAC), sensors
and observations, and (but not only) performance metrics. Us-
ing an ontology lookup service or library (e.g. the Built Environ-
ment Ontology Lookup Service) can aid discovery in this step.

In the second phase, alignment design, the selected ontolo-
gies are analysed to identify points of intersection or overlap
and determine how they can be connected. Key alignment tasks
include mapping equivalent classes (e.g. recognising that an
‘IfcSpace’ in ifcOWL corresponds to a ‘bot:Space’ in BOT) and
defining how instances from different ontologies relate (e.g. a
Brick sensor instance should link to a BOT space instance rep-
resenting its location). This may involve drawing conceptual
alignment diagrams or matrices. In this step, it is crucial to re-
view and study the documentation for each ontology carefully.

In the third phase, mapping and bridging axioms, the align-
ments are technically implemented by extending or bridging
the ontologies. This typically means writing OWL axioms or
SHACL rules to link concepts. Bridging can be achieved via
owl:equivalentClass, owl:equivalentProperty, rdfs:subClas-
sOf or custom object properties that connect individuals across
ontologies. For example, one might introduce a property hasLo-
cation that links a piece of equipment (from Brick) to a spatial
location (from BOT) if such a relation is not already present in
the federated ontologies. These custom classes and properties
can be stored in a separate ‘bridge ontology’ explicitly created
to fill gaps®.
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Finally, in the last phase, integration and testing, once map-
pings are in place, sample data is integrated from each domain
to populate a KG and test the federated ontology. This involves
serialising data in a graph-compatible format and linking data
from different sources (e.g., BIM files, sensor databases, sim-
ulation outputs) to the corresponding ontology classes. For
testing, running queries that traverse multiple domains helps
verify if the federation works. Creating prototypes and testing
them for specific information needs can also help identify bugs
or gaps in the federated ontology. This step often reveals mis-
alignments or missing links, which can then be corrected in the
ontology design.

3.2 Reference ontologies for building performance
management

3.2.1 Rationale behind ontology selection

As mentioned, this book focuses on performance-based build-
ing management. The research approach adopted here imple-
mented a Federated Ontology Framework (FOF) to manage the
performance aspects of buildings during the operational phase.

To implement the FOF, a set of reference ontologies was
chosen for their relevance and complementarity. The ontology
selection process led to a set of subontologies, each originating
from a different community or standard and serving a distinct
role within the federated model.

This section serves a dual purpose: on the one hand, it pre-
sents the outcome of the ontology selection phase used to con-
struct the FOF; on the other hand, it functions as a concise lit-
erature review, introducing various ontologies relevant to per-
formance management.

3.2.2 Industry Foundation Classes and ifcOWL

The Industry Foundation Classes (IFC) is an open, international
standard for BIM (ISO 167391:2024). The schema was devel-
oped and is maintained by buildingSMART, a worldwide indus-
try body driving the digital transformation of the industry.




8 Methodological framework

IFC draws on decades of standardisation efforts to transform
the construction industry through IT. It offers a vendor-neu-
tral, platform-agnostic data model that codifies the identity,
attributes and relationships of building elements, supporting
the digital representation of physical components (e.g., walls,
columns, mechanical systems), spatial elements (e.g., buildings,
storeys, and spaces), but also abstract concepts (e.g., costing)
and processes (e.g., tasks or operations).

IFC models rely on IFC terminology. In IFC, an entity refers
to any concept, whether abstract or tangible, characterised by
constraints and attributes. An attribute, instead, is the small-
est unit of information for each entity. Among the various class-
es offered by IFC, the element class is fundamental, as it allows
the representation of building components, their geometry,
their associations with other objects (IfcRelationship), and
their attributes and properties (IfcPropertyDefinition). In an
IFC model, each instance corresponds to a specific entity that
inherits semantics and data from the supertype IfcElement.
Such instances, considered synonymous with object and occur-
rence (IfcObjectDefinition), are associated with one or more
properties and serve as units of information®.

The schema is currently serialised in the EXPRESS® language
and organised in a taxonomic hierarchy of generalisation and
specialisation. New serialisations are emerging to make IFC
more accessible and interoperable with web and modern soft-
ware ecosystems, like IFC JSON (buildingSMART International
2025). The schema can also be represented in Web Ontology
Language (OWL) using ifcOWL, which enables the use of se-
mantic web and Linked Data (LD) technologies.

Although the schema is internationally recognised and en-
compasses a wide range of content, some challenges limit the
extent to which IFC’s rich semantic data can be exploited in
downstream applications (Xie et al. 2021).

As a consequence, IEC is still not fully exploited in practice.
Its broad scope often leads to excessive complexity, creating ac-
cessibility barriers for BIM practitioners in the field. For exam-
ple, not all IFC entities and classes are equally used in practice,
partly because BIM software does not fully support the entire
IFC schema. The export process from native software remains
challenging, while ambiguities in data modelling and limited
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interoperability with other tools persist (Antunes et al. 2024).

Moreover, the schema alone does not address how to handle
dynamic data, such as IoT streams. Therefore, to build modern
applications such as digital twins (DTs), it is necessary to com-
bine it with more specialised schemas.

3.2.3 Building Topology Ontology

Given the complexity of the IFC schema, the need for more
streamlined and flexible ontologies emerged. For this reason,
the World Wide Web Consortium (W3C) established the Linked
Building Data (LBD) community group, a set of experts in BIM
and Web of Data technologies. One of the group’s widely known
outputs is the Building Topology Ontology (BOT), introduced by
Rasmussen et al. (Rasmussen et al. 2017).

Before releasing BOT, Rasmussen and colleagues observed
that, in recent years, many ontologies were developed with-
in the AECO, often redefining fundamental concepts already
present in the publicly available IFC schema. According to their
opinion, this issue was due to the high complexity of the IFC
schema, conflicting with the W3C principle that ontologies
should remain simple to ensure ease of use and maintenance.

Given the recurrence of basic spatial and topological con-
cepts across ontologies not explicitly intended for such purpos-
es’, the BOT’s group proposed a simplified ontology focused
exclusively on core building spatial concepts. This ontology is
centred on building topology, capturing both physical and con-
ceptual components and their interrelationships. BOT’s design
pursues two objectives: first, it enables the use of a concise set
of fundamental building classes; second, it allows targeted ex-
tensions towards specialised domain ontologies governed by
industry experts or standardisation bodies.

In its initial version, BOT provided a foundational frame-
work based on the hierarchical decomposition of a building into
storeys and spaces (Figure 18). Over time, this framework has
been further refined and is now formally documented by the
World Wide Web Consortium (W3C).

At present, BOT is structured around seven principles:

1. Zones are defined as three-dimensional spatial volumes, en-
compassing Buildings, Storeys, and Spaces;
2. Zones can contain other zones, with Buildings containing
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Storeys, and Storeys containing Spaces;
. Zones may intersect or be adjacent to other zones;
. Building elements may consist of sub-elements;
5. Zones may include Elements, whether contained, adjacent,
or intersecting;
6. Adjacent zones and/or elements share an Interface;
7. Both Zones and Elements are associated with a 3D mod-
el (geometry, materials, etc.).

BOT formalises this structure through seven class-
es (bot:Building, bot:Element, bot:Interface, bot:Site,
bot:Space, bot:Storey, and bot:Zone) together with fourteen
object relationship types®.

Due to its simplicity, BOT has become a widely adopted
foundational ontology, offering a robust basis for integration
with more specialised ontological frameworks®.

W
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Figure 18. Classes

and relationships
involved in BOT's
zones. Source: Building
Topology Ontology
Draft Community Group
Report of the 28th of
June 2021 (W3C 2021)
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3.2.4 Topologic's Class Hierarchy

Developed by a research team from Cardiff University and Uni-
versity College London under the guidance of Prof. Wassim
Jabi, Topologic is a computational framework for building spa-
tial analysis that establishes a formal class hierarchy to repre-
sent spatial and topological aspects of architecture (Figure 19)
(Jabi and Chatzivasileiadi 2021).

Although not explicitly conceived as an ontology, this hi-
erarchy introduces abstract concepts such as top:CellComplex,
top:Cell, top:Face, top:Edge, top:Vertex, and top:Aperture,
which characterise a building in terms of volumes (spaces), sur-
faces (walls, slabs, roofs), openings (doors, windows), and their
associated topological relationships, including adjacency and
connectivity.

The hierarchy is operationalised through Topologic (Jabi and
Chatzivasileiadi 2021) and Topologicpy (Jabi 2024). This soft-
ware library enables the representation of buildings as topolog-
ical graphs, with a particular emphasis on architectural shape
grammatr, space syntax, and, more broadly, spatial reasoning.

Topologic’s hierarchical structure, combined with its corre-
sponding software, enables the operationalisation of graph rep-
resentations of buildings. Defining multiple classes that repre-
sent building topology through abstract yet interconnected ge-
ometries facilitates rule-based query operations for modelling
and retrieving building information using ad hoc methods. For
instance, in Topologic, users can query the faces, edges, or ver-
tices of a cell, with the system returning distinct, non-overlap-
ping lists for each category. These entities can then be further
interrogated: a Cell can provide its Faces, each Face can pro-
vide its Edges, and each Edge can return its Vertices. Notably,
the framework also supports ascending queries. For example,
a Cell may be queried for its Vertices, which can then be used
to identify the Edges they are associated with, or a set of Edges
may be examined to determine the Faces they connect to. This
bidirectional querying supports conceptual and practical mod-
elling by integrating topological operations with other semantic
processes.

In 2024, preliminary efforts were undertaken to align Topo-
logic with BOT, as the two frameworks are inherently compati-
ble. The distinctive contribution of Topologic lies in its combi-




82

Methodological framework

nation of a formalised class hierarchy with a functional toolkit,
enabling the operationalisation of topological relationships
within digital building models. Figure 20 presents a synthesis
of this integration effort.

Figure 19. Topologic's
class hierarchy.
Source: (Jabi and
Chatzivasileiadi, 2021)
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Figure 20. Alignment
of Topologic class
hierarchy and BOT.
Source: (Jabi, 2024)
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3.2.5 Brick Schema

In specific contexts, the IFC format proves inadequate for pro-
viding a comprehensive representation of all building compo-
nents, particularly MEP/HVAC systems, when explicit geomet-
ric references are absent (Xie et al. 2021). Components such
as HVAC devices, sensors, and meters can be more effectively
captured through alternative ontologies, among which Brick is
a notable example.

Developed by Balaji and colleagues (Balaji et al. 2018), Brick
is an open-source initiative that aims to deliver a unified on-
tology for describing equipment, sensors, control systems,
and their interconnections, which are particularly relevant to
building operations mapping. Leveraging semantic web tech-
nologies, Brick can systematically represent the heterogeneous
characteristics, resources, and subsystems found across a broad
spectrum of building types.

Through its specialised vocabulary, Brick offers greater flexi-
bility than IFC in representing complex hierarchies and interde-
pendencies across building systems. This includes aspects such
as taxonomy, location, equipment connections and composi-
tion, point associations, and monitoring functions.

The ontology’s class hierarchy is structured around the
central concept of Point, which represents physical or virtual
entities within Building Management Systems (BMSs) generat-
ing time-series data. The Equipment and Location classes com-
plement this core class. The relationships established among
points, their associated equipment, and the spatial contexts
in which they are embedded define the operational behaviour
of building systems and equipment, as well as their influence
across different zones of the building. Figure 21 and Figure 22
illustrate an overview of these relationships.

In its initial applications, the Brick framework was tested
on more than 17,700 data points derived from BMSs across six
buildings, demonstrating its applicability to systems such as
lighting, power, water, heating, ventilation, and air condition-
ing (Balaji et al. 2016, 2018). Since then, numerous implemen-
tations have been developed. For example, Xie et al. combined
Brick with IFC to track sub-metering systems and sensors in
a UK educational facility, as part of one of the first DT frame-
works in the field (Xie et al. 2021).
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Relationship )

Figure 21. Central
concepts in Brick and
their relationships.
Source: (Balaji et al.
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3.2.6 SSN and SOSA ontologies
In addition to ontologies that describe the topological aspects
of spaces, elements, and systems, there are specialised ontolo-
gies for modelling time-series data, such as sensor data. Nota-
ble examples include the W3C Semantic Sensor Network (SSN)
ontology and its lightweight counterpart Sensor, Observation,
Sample, and Actuator (SOSA). Together, they provide a frame-
work for describing sensors, the observations they produce, and
related concepts.

Initially developed by the W3C SSN Incubator Group, SSN

Figure 22. Example

of Brick graph
representation. Source:
(Balaji et al. 2018)



Figure 23. Overview of
the SSN classes and
properties (observation
perspective). Source:
(Compton et al. 2012)
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offers a detailed model of sensors, their operational procedures,
outputs, and the features of interest they monitor (Compton
et al. 2012). SOSA, by contrast, constitutes a simplified and re-
usable core ontology, defining essential classes such as sosa: -
Sensor, sosa:0Observation, sosa:ObservableProperty, sosa:Ac-
tuator, as well as relations including sosa:observes, sosa:made-
BySensor, and sosa:hasResult (Janowicz et al. 2018). Figure 24
presents an extract of SSN classes and properties, focusing on
the observation perspective.

Although SSN/SOSA’s subdomain may appear to overlap
with Brick, the two ontologies are complementary. While Brick
focuses on identifying the sensor network’s topological struc-
ture and mapping spaces, devices, and what they measure,
SSN/SOSA is used to represent sensing and the resulting mea-
surements'’. Thus, a specific measurement, like a temperature
reading at a specific datetime, can be modelled as an instance
of sosa:Observation, linked to a sosa:Sensor — which would
also correspond to a brick:Sensor — but also to a sosa:0Observ-
ableProperty such as ‘air temperature’. In this way, SSN and
SOSA provide a semantic framework for handling time-indexed
observational data and connecting it to the building context.
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3.2.7 Ontology for managing KPls

Sensor and simulation data are valuable for performance man-
agement; however, since they often consist of large volumes of
raw data, they need to be synthesised into relevant KPIs that
are more meaningful and explanatory*'.

Ontologies for such a purpose exist as well.

Developed by the Ontology Engineering Group at Univer-
sidad Politécnica de Madrid within the scope of the BIMERR
project, the Key Performance Indicator Ontology (KPIO) was cre-
ated to formalise performance indicators in buildings (Feria and
Villalén n.d.). It provides a structured vocabulary for defining
KPIs, including their formulas, measurement units, thresholds,
and relationships with building elements or systems. Among its
key classes are kpi:KPI, kpi:KPIValue, and kpi:Scenario, which
enable indicators to be linked to specific data sources and con-
textual information (Figure 24).

Although initially designed for energy efficiency assess-
ment, KPIO can be conceived as a generic framework for perfor-
mance evaluation and is sufficiently flexible to be extended to
other domains, such as thermal comfort, maintenance, or cost
analysis. Furthermore, it supports the representation of Sce-
nario objects, which allow KPIs to be semantically associated
with both actual and hypothetical condition states. This pro-
vides a consistent way to describe which performance metrics
are being evaluated and under what circumstances, orienting
DSS towards scenario-based, multicriteria analysis.

In addition to KPIO, the Energy Management Key Performance
Indicator Ontology (EM-KPI) was developed to support the ex-
change of multi-level energy performance information. It in-
troduces a set of concepts for energy management at both the
district and building scales, encompassing key domains such as
building characteristics, weather conditions, occupancy, utili-
ties, and energy-related KPIs (Li et al. 2019).

EKO defines classes similar to KPIO, such as eko:KPI and
eko:KPIValue, which align with the concepts introduced in the
KPI ontology, while also extending the model through addition-
al relationship types — for instance, eko:hasAssociatedObject —
that can enable KPIs to be linked to specific objects and organ-
ised into groups (Figure 25).

This relational structure allows EKO to represent energy



Figure 24. General
overview of the KPI
ontology main classes
and properties (Feria
and Villalon n.d.).

Figure 25. Detailed
model of EKQO's KPI
module (Li et al. 2019).
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indicators with greater resolution than KPIO. For example, an
energy use intensity KPI or a thermal comfort KPI can be in-
stantiated as an eko:KPI with an associated eko:KPIValue, and
then linked to the relevant building, zone, or space via eko:ha-
sAssociatedObject. By contrast, KPIO associates KPI values
only with kpi:Project objects, thereby limiting the fine-grained

representation of performance.
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3.3 Implementation of a federated ontology framework

3.3.1 The need for a FOF

Table 5 provides a comparative overview of the coverage offered
by each ontology discussed in the previous paragraph across
various aspects of building data, namely geometry, topology,
systems, sensors, and KPIs.

As previously noted, since each ontology addresses only a
subset of these representational needs, a Federated Data Mod-
elling (FDM) approach was adopted in this research to develop
a Federated Ontology Framework (FOF) that encompasses all
these aspects through the integration of federated sub-ontolo-
gies. This approach avoids redundant redevelopment of exist-
ing ontological structures, leveraging the extensive efforts of
practitioners and researchers who have developed these sub-on-
tologies over the past decade.

In doing so, the FOF aims to provide a comprehensive rep-
resentation of the building performance domain, serving as the
semantic schema for creating cross-disciplinary KGs, enabling
unified queries and analyses over data ranging from BIM mod-
els to BPS models to sensor readings and related performance
metrics. In practice, the FOF establishes the semantic core that
underpins the applications presented in the following section
of this book, spanning several subdomains of building manage-
ment, including spatial analysis, fire safety assessment, micro-
climatic monitoring, and energy and occupancy management.

3.3.2 Structure and core modules

In line with FDM principles, the FOF was designed with a mod-
ular structure. In this structure, the mentioned ontologies con-
tribute, in varying proportions, to the formation of thematic
modules, each corresponding to a specific aspect (subdomain)
of building performance information.

Figure 26 and Figure 27 illustrate the overall architecture of
the FOF, which is conceptually divided into distinct modules.
The first figure presents the classes and relationships, col-
our-coded according to the sub-ontology from which they orig-
inate (i.e., IFC, BOT, Topologic, SSN/SOSA, Brick, KPIO, and
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EM-KPI). The second figure, in contrast, depicts the classes and
relationships after federation, colour-coded by module. More
specifically, the modules and their purposes are as follows:

« Spatial Element Module: represents the spatial hierarchy of
elements within the building, serving as the backbone for
locating other components.

Interface Module: represents construction elements that

delimit spaces, such as envelope and partition elements

(e.g., walls, roofs, slabs, openings).

Equipment & Sensor Module: represents the topology of

equipment and sensor networks and links their instances

to sensor recordings.

« KPI Module: represents KPIs, their calculation methods,
and values, connecting them to relevant spatial elements.

« Document Module: a module that explicitly models the
sources used for data modelling (e.g., documents, databas-
es, digital models).

« Property Module: attributes properties and data to the spa-
tial, equipment, and interface entites.

Table 5. Comparative

coverage of the selected Ontology Geometry  Topology  Systems Sensors KPls

ontologies across IFC Yes Yes Yes imited No

different building

aspects. BOT No Yes No No No
Topologic Limitet Yes No No No
Brick No No Yes Yes No
SSN/SOSA No No No Yes No
KPIO No No No No Yes
EM-KPI No No No No Yes

FOF Yes Yes Yes Yes Yes
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Figure 27. Federated
ontology framework
for building operational
performance. Classes
and relationships
coloured by module.
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3.3.3 Spatial Element Module
The Spatial Element Module captures the core spatial elements
and their hierarchy.

It combines classes from BOT, used for referencing funda-
mental spatial containers, with a few extensions from Brick for
higher-level grouping.

Key classes from BOM include bot:Site, bot:Building, bot: -
Storey, bot: Space for the central building hierarchy. In addition,
to allow grouping of spaces by functional criteria, Brick’s no-
tions of brick:Zone, brick:Region, and brick:Portfolio are in-
corporated®? (Table 6).

All spatial entities can be related through containment con-
nections via the brick:hasLocation relationship, which links a
space to its storey, a storey to its building, a building to its site,
and so on. Figure 28 and Figure 29 provide example graph rep-
resentation based on the Spatial Element Module.

This layered spatial structure provides also the anchor for all
other data. For instance, equipment and sensors can be related
to spatial elements through the brick:hasLocation relationship.

FOF IFC BOT Topologic Brick
Portfolio - - - Portfolio
Region - - - Region™
Site IfcSite Site - Site*
Building IfcBuilding Building  CellComplex  Building*
Zone IfcZone Zone - Zone*
Storey IfcBuildingStorey Storey - Floor*
Space IfcSpace Space Cell Space*

* Classes deprecated in the last version of Brick (Brick 1.4)

Table 6. Alignment of
Spatial Element classes
among the federated
subontologies.
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Figure 28. Example
graph illustrating
the composition of a
university's building

portfolio.
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Figure 29. Example
graph representing the
spatial composition of a
university building.
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3.3.4 Interface Module

The Interface Module enables the representation of building
elements that form interfaces between spaces, such as walls,
floors, roofs, doors, and windows, whose characteristics are
fundamental to the building performance domain for analy-
ses including space topological connectivity, thermal transfer,
egress routes, and safety assessment.

Within this module, classes from the Topologic hierarchy are
used alongside BOT relationships. Surface elements, like walls,
slabs, and roofs, are represented as top:Face instances, while
opening elements, like doors and windows, are represented as
top:Aperture instances (Table 7).

BOT’s property bot:interface0f is used to link these inter-
face elements to the two spaces they separate (e.g. a wall as an
interface between a space and another). Additionally, the Top-
ologic relation top:connectsTo is used to explicitly capture con-
nections between apertures and interfaces (e.g. a door aperture
hosted in a wall)*3.

Below are some illustrative figures of the Interface Module.

Figure 30 shows an example of a graph in which the rela-
tionships between spaces and doors are mapped through the
bot:interfaceOf relationship. Figure 31 shows the same graph,
where these relationships are compressed into space-to-space
relationships via the custom, interclass relation btwin:hasPas-
sageTo. Similarly, Figure 32 presents an example of a graph in
which spatial adjacency relationships are mapped according
to the space-to-wall logic. Figure 33 shows the compressed
version, where the space-to-space adjacency relationships are
mapped through the interclass relation btwin:isAdjacentTo.

FOF IFC BOT Topologic
Face IfcWall, IfcSlab, IfcRoof,
. Interface Face
IfcCurtainWall

Aperture IfcDoor, fcWindow Interface Aperture

Table 7. Alignment of
Spatial Element classes
among the federated
subontologies.
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Figure 31. Example
graph representing
the space-to-door
connections of the
layout of a storey of
an university building.
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graph representing
the space-to-wall
connections of the
layout of a storey of an
university building.

Figure 33. Example
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connections of the
layout of a storey of
an university building.
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3.3.5 Equipment & Sensor Module

The Equipment & Sensor Module addresses the representation of
building systems, sensing networks, and their associated sens-
ing points and measurements.

It mainly builds upon Brick for the definition of equipment
and sensor classes and draws on SSN/SOSA for modelling ob-
servations.

Key classes in the module include brick:Equipment for equip-
ment devices (e.g., an air handling unit, a boiler, or a fan) and
brick:System, which allows grouping equipment devices into
higher-level sets (e.g. an HVAC system).

Each equipment instance can be associated with one or
more brick:Point entities, representing sensors, setpoints, or
actuators connected to that equipment. For example, a room
thermostat would be modelled as a brick:Point linked to a
brick:Equipment (such as an AHU) through the brick:hasPoint
relation.

The ifc:Sensor class is also employed in this module to de-
scribe the physical sensor device. In practice, a sensor may be
represented simultaneously as an ifc:Sensor and a brick:Sen-
sor (a subclass of brick:Point). The IFC definition intends the
sensor as a physical, electronic device located in space with spe-
cific technological properties. In contrast, the Brick definition
focuses on the type of measurement it performs (e.g., tempera-
ture, humidity, or light). As a single physical device may include
multiple measurement capabilities, the ifc:Sensor corresponds
to the device itself, which can be associated with several brick: -
Sensors (e.g., temperature and humidity).

The ifc:Sensor can be also connected to bot: Space elements
via the brick:hasLocation relation, while the brick:Sensor is
connected back to the ifc:Sensor through the brick:isPointof
relation. Similarly, brick:Equipment instances can be connected
to spaces using brick:hasLocation, reflecting their role as phys-
ical devices within the spatial system.

To capture equipment interconnections — such as an elec-
trical meter supplying a distribution panel, or an AHU supply-
ing a zone — the brick:feeds relation can be applied between
brick:Equipment objects, or between brick:Equipment or
brick:System objects and the spatial objects.

The brick:Sensor class is equivalent to the sosa:Sensor class
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in SOSA. This object is intended to generate sosa:Observation
instances, which represent the single time-series measure-
ments. The module also incorporates sosa:0bservableProperty
to define the measurement type (e.g., temperature, humidity,
or CO,)™.

Figure 34 provides an example of a graph representing the
equipment network of a sample building and its relationship
with the building’s spatial structure. Figure 35, instead, depicts
a sensing system within the same sample building.

3.3.6 KPI Module

The KPI Module supports performance assessment and scenario
analysis. It is primarily based on the EM-KPI and KPIO ontolo-
gies. In this module, the eko:KPI class represents a KPI defini-
tion, while the eko:KPIValue class is used for actual measured
or calculated KPI values.

In addition to these, the kpi:Scenario class allows for rep-
resenting scenarios, intended as hypothetical projections refer-
ring to possible future states (usually used in multicriteria de-
cision-making to explore how different variables and decisions
might interact and affect outcomes)™. eko:KPI objects can be
related to kpi:Scenario objects through the kpi:relatedSce-
nario relationship.

The FOF allows linking a KPI to the spatial element it is asso-
ciated with via eko:hasAssociatedObject. For instance, an ener-
gy use KPI might be associated with a bot:Building (if it meas-
ures whole-building energy) or a brick:Zone (if it is zone-spe-
cific).

Temporal aspects are handled by reusing classes from the
Time Ontology such as time:Instant or time:Interval to denote
when a KPI value is measured or over what period it applies.

A custom class, btwin:KPISet, was also introduced in the
FOF to group KPI instances for more convenient handling'®.
btwin:KPISet is related to eko:KPI objects through the cus-
tom relationship btwin:haskPIs, to kpi:Scenario through
kpi:relatedScenario, and to spatial elements through eko:ha-
sAssociatedObject.

Figure 36 depicts a zoom on the KPI Module, with the addi-
tion of Time Ontology’s classes and KPISet classes. Figure 37
illustrates an example graph based on this module.



Figure 34. Example
graph based on the
Equipment & Sensor
module. HVAC system
network serving a
building zone.

Figure 35. Example
graph based on the
Equipment & Sensor
module. Sensing
network serving a
space.
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3.3.7 Document Module

The Document Module is a simple module that was added to the
FOF to link external documents, models, or data files to the
graph entities they pertain to.

Here, the core class btwin:Document was introduced to rep-
resent an external resource (which could be a BIM file, a sim-
ulation model input, a PDF report, an image, etc.), and the
btwin:hasDocument relationship to attach document to spatial
elements, like bot:Building, brick:Zone, and others, as well as
kpi:relatedScenario to connect documents or files to the sce-
nario they belong to*’.

This approach enables maintaining traceability between
data and sources, allowing a user of the KG to navigate from a
KPI value back to the source data or model that produced it. It
is a lightweight mechanism to ensure that even if not all data is
ingested into the graph (for example, complete simulation files
might be too large or not fully translated), there is at least a
pointer to them.

An example graph relying on the Document Module is pro-
vided in Figure 38.

3.3.8 Property Module
The Property Module allows mapping arrays of descriptive prop-
erties to the core structural and system information.

The FOF inherits the ‘property set’ mechanism of IFC. In
particular, the Property Module incorporates ifcOWL’s class-
es ifc:PropertySet, ifc:Property, and the linking relations
ifc:HasPropertySets (to attach a set to an element) and if-
c:HasProperties (to link properties within a set)'® (see Figure
39 for an example).

The discussion continues in the next chapter with the intro-
duction of the BTwin toolkit, a KG operationalising toolkit built
directly upon the FOE.
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Figure 38. Example
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Notes

! Nor is it likely that one ever will exist, since this would imply that humans
are capable of representing the built environment in a single, definitive way,
likely flattening its multiple forms and the diversity arising from local and
contextual factors.

2 This modular approach also reflects how expertise in building design and
management is distributed across different disciplines — architecture, struc-
tural engineering, MEP, facility management, and others — each contributing
its specific knowledge to shape a shared, systemic understanding of the build-
ing.

3 For instance, two ontologies might both have a concept for ‘Room’ but with
different class hierarchies; the federation must either choose one as canonical
or declare them equivalent via OWL axioms.

4 Although introducing a new bridge ontology is not ideal for standardising
the process and may introduce vulnerabilities, it is a practical way to ensure
the ontologies collectively form a connected graph of concepts rather than
isolated islands.

° For further exploration, reference can be made to the IFC documentation
(buildingSMART International 2025).

6 EXPRESS is a standard for data modelling for product data. EXPRESS is for-
malised in the ISO Standard for the Exchange of Product model STEP (ISO
10303), and standardised as ISO 10303-11.

" For instance, Brick included a ‘Location’ module (now deprecated) even
though it was primarily concerned with building services.

8 These are: bot:adjacentElement, bot:adjacentZone, bot:containsElement, bot: -
containsZone, bot:interfaceOf, bot:intersectingElement, bot:intersectsZone,
bot:has3DModel, bot:hasBuilding, bot:hasElement, bot:hasSubElement, bot:has-
Space, bot:hasStorey, and bot:hasZeroPoint.

9 Examples include: domain ontologies for building elements and distribution
elements; ontologies for damage monitoring of buildings and built structures;
ontologies for bridges; flow system ontologies; ontologies for building prod-
ucts; ontologies for geometry formats; ontologies for managing properties;
and ontologies for managing geometry. Moreover, extension ontologies such
as QUDT, SSN/SOSA, O&M and time can be combined with BOT, enabling
adaptation to specific needs. (Lygerakis et al. 2022).

0 Accordingly, Brick can support queries such as ‘What types of sensors are
installed in Room 101?’, whereas SSN/SOSA enables questions like ‘What was
the temperature in Room 101 at 10 a.m. on 11th November 2025?’ by linking
the observation to the space through the sensor’s location.

1 The SMART framework explains this idea well (Doran 1981). It provides a
structured approach to summarising data into meaningful indicators, outlin-
ing essential characteristics that KPIs should exhibit: Specificity, Measurabili-
ty, Achievability, Realism, and Time-boundedness.

2 A brick:Zone can represent, for example, a thermal zone (brick:Ener-
gy_Zone) or a fire compartment that spans multiple rooms (brick:Fire_
Zone), while brick:Portfolio might group buildings under a single owner.
3 By including these simple concepts, KGs built on the FOF can support spa-
tial reasoning about adjacency and connectivity of spaces; for instance, via
these connections, it is possible to traverse from one space to another algo-
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rithmically, which is the basis for analysing evacuation routes, zones of influ-
ence in the layout, or containment relationship.

* As we will see in the following chapters, to optimise computational per-
formance, particularly when dealing with large volumes of sensor data, the
observation records will be stored directly in the KG. Instead, the Equipment
& Sensor Module will enable the KG to represent which equipment is present
in a building, where it is located, how it is interconnected, and what data it
produces, that is, the sensing topological network. Single measurements will
instead be stored in alternative time-series databases.

15 In the context of the research, a scenario might be intended both as a par-
ticular past time period (e.g. ‘Winter 2024 Heating Season’) or a future condi-
tion state to evaluate wit KPIs (e.g. ‘Renovation with added insulation’).

16 For example, a KPISet may refer to all indicators related to energy efficien-
cy under a certain scenario, another to IAQ evaluation under another scenar-
io, etc.

" For instance, an EnergyPlus simulation input file (IDF) could be linked as a
btwin:Document to a particular scenario node, indicating that file was used
to generate the KPIs for that scenario.

8 For example, if a BIM model has an ‘OccupancyRequirements’ property set
attached to a space with a property ‘OccupancyNumberPeak’, in the graph
that would appear as an instance of ifc:PropertySet connected to the
space node, with a child ifc:Property for occupancy number peak.



4. OPERATIONALISING GRAPH-BASED WORKFLOWS

Abstract

This chapter introduces the BTwin toolkit, a software frame-
work designed to support the construction of Knowledge
Graphs (KGs) for performance-based management.

Based on the Federated Ontology Framework (FOF) pre-
sented in Section 3.3, the toolkit provides a low-code approach
to enable the operationalisation of graph-based workflows for
prototyping digital microservices in building management.

In particular, it provides a reusable and extensible software
library that, thanks to its modular design, facilitates data ex-
traction from models and databases, semantic graph construc-
tion, integration of static information and dynamic time series,
as well as the processing and visualisation of KPIs. The tool
serves as the instrumental foundation for the demonstrative
applications presented in the final chapters of the book.

In the text, the toolkit is explained in detail, starting with a
motivation for its need, proceeding to a description of its archi-
tecture, the supported data serialisation format, and the main
modules and functions. Finally, fictional usage examples are
provided to anticipate the chapters that follow.
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4.1 The need for a toolkit

As seen in the previous chapters, the fragmentation of building
information is one of the most recurrent problems in digital Fa-
cility Management (FM). Decision makers confront a heteroge-
neous landscape of data repositories, which makes it challeng-
ing to obtain a unified, systemic view of buildings’ performance.

Recent research has proposed KG-based approaches to pro-
vide answers to the data integration gap. However, the practical
implementation of such knowledge systems still requires signif-
icant programming expertise, domain competence, and a vast
amount of work. Added to the absence of standardised defini-
tions, the heterogeneity of data sources, and the unsystematic
approach that characterise built asset management (Abuimara
etal. 2021a). This aspect hampers the streamlined development
of such technologies.

As a consequence, developing these systems as digital prod-
ucts remains resource-intensive, with economic, financial, and
cultural benefits that can sometimes be challenging for stake-
holders to understand at the conceptual stage.

To accelerate the development of graph-based knowledge
systems for building performance and make them resource-ef-
fective, the BTwin toolkit was developed. It is a software library
that provides functions enabling the semantic integration of
building data from heterogeneous sources within graph net-
works - including Building Information Models (BIM), build-
ing performance simulation (BPS), meters, and sensors — along
with methods to utilise these knowledge bases for building in-
teractive visualisations.

BTwin organises data into graphs that adhere to the axioms
and semantics defined by the FOF introduced in the previous
chapter. The FOF serves to align the semantic representation of
data coming from fragmented sources, ensuring their consist-
ency with KG standards. The resulting KGs integrate entities
distributed across these data sources within a Federated Data
Modelling (FDM) environment, creating a coherent knowledge
base that supports the development of data web applications,
through which non-expert users can query the KG via a Graph-
ical User Interface (GUI). The aims of the toolkit are threefold:

+ to unify static and dynamic building performance infor-
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mation within semantically consistent knowledge systems;

« to offer a set of high-level functionality functions to sup-
port rapid prototyping of web applications based on Busi-
ness Intelligence (BI) principles;

+ to promote an open and collaborative development model;
the toolkit is distributed under a permissive licence and
leverages existing opensource projects for BIM parsing and
graph management.

A central design principle of the BTwin toolkit is its use
case—agnostic nature. Rather than hard-coding specific perfor-
mance indicators or domain models, the toolkit provides a ge-
neric method for digitally representing spatial objects, building
systems, equipment, measurement points, and performance
metrics. In this way, developers can utilise the BTwin frame-
work to manage data, which can be generated through their
own customised pipelines for various purposes. This flexibility
allows the toolkit to be reused across projects of varying scales
and objectives, as demonstrated later.

4.2 Toolkit architecture

4.2.1 Architecture overview

BTwin is implemented as a Python library'. Semantically, the
software architecture closely adheres to the FOF framework.
Specifically, the following software specifications enable the op-
erationalisation of the FOF and their serialisation into electron-
ic formats:

« Hybrid data architecture for managing both static and dy-
namic data;

« Use of graph database engines as data storage layers;

+ Implementation of connector logic to ensure semantic
alignment with external schemas;

+ Integration with openBIM standards and open-source
software packages, from which the tool derives substantial
benefits.

Figure 40 provides a high-level tech stack overview. Details

regarding the system architecture are provided in the following
paragraphs.
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Figure 40. Overview
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4.2.2 Hybrid data architecture
BTwin adopts a hybrid architecture that separately manages
static and pseudo-static information from time-series data.

Static and pseudo-static data comprise information that
changes little or not at all over time, such as data concerning
building geometry, spatial topology, interface elements, build-
ing systems, and equipment networks. These datasets are high-
ly interrelated according to a network logic and, in BTwin, are
therefore represented as semantic graphs, in which nodes cor-
respond to entities and edges encode relationships, as exempli-
fied in the description of the FOE.

Dynamic data, by contrast, consist of time-series informa-
tion, which, by their nature, change frequently and are updated
in real or near-real time. Examples include data acquired from
sensors (e.g., temperature, humidity, CO, levels), meters (e.g.,
power consumption, electricity usage), and simulations (e.g.,
thermal loads, solar gains, and similar variables). Storing such
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data directly within graph databases is inefficient for large time
series, as each observation would correspond to a graph node,
resulting in graphs containing millions of elements. To prevent
computational bottlenecks, BTwin employs lightweight SQL da-
tabases to manage dynamic data. Static and dynamic data are
linked through unique identifiers shared between the graph and
SQL databases, ensuring that each observation stored in SQL
can be traced back to its corresponding node within the graph
database (Figure 41).

This approach enables the efficient storage and retrieval of
extensive time-series datasets while preserving semantic con-
text. In this way, graph operations remain computationally effi-
cient, and time-series analyses do not compromise the integrity
of the semantic model.

4.2.3 Database engines

Depending on the application’s scale and purpose, BTwin
adopts different back-end engines to manage graph data. For
lightweight prototypes, BTwin employs NetworkX, a Python
library designed for creating, manipulating, and analysing com-
plex networks (NetworkX, 2025). While NetworkX is not a true
graph database engine (for instance, it does not include a query
language), it is simple to use and highly efficient for working
with small or medium-sized graphs. In addition, it provides a
wide range of built-in tools for network analysis, such as short-
est path computation, minimum spanning trees, and centrality
measures, making it particularly helpful for network analysis.

TIME-SERIES DATABASE
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For persistent storage and large-scale applications, BTwin
integrates with Neo4j, an open-source, high-performance graph
database (Neo4j 2025a). Neo4j uses a native graph storage
format, optimised for efficiently storing and querying highly
connected data. Unlike NetworkX, Neo4j provides a dedicated
query language, called Cypher, which supports powerful graph
traversal and pattern-matching capabilities. This makes Neo4j
suitable for large datasets containing millions of nodes and edg-
es, ensuring scalability and robust query performance.

In addition to graph databases, BTwin uses relational data-
bases to manage dynamic and tabular data. In particular, it lev-
erages SQLite, a lightweight, full-featured SQL database engine
implemented as a C library (SQLite Consortium 2025). SQLite
is beneficial during prototyping because it requires no separate
server process and can be embedded directly into Python appli-
cations, providing reliable and efficient data management while
maintaining a minimal setup overhead.

4.2.4 Connector logic

To enable data integration, BTwin relies on a set of connectors
that extract information from external, fragmented sources,
align it with the FOF’s semantic schema, and perform graph se-
rialisation.

Each connector is built upon an external library on which
BTwin depends, providing the methods required to process spe-
cific file formats or data types.

For instance, the IFC connector, built on the IfcOpenShell
library (IfcOpenShell n.d.), enables the traversal of an IEC file
to identify spaces, building elements, and property sets, and to
create the corresponding nodes and edges in the graph. It also
computes basic topological relationships such as spatial con-
tainment hierarchies. The EnergyPlus connector, on the other
hand, leverages the Eppy library to read EnergyPlus Input Data
Format (IDF) files (Philip 2020). It extracts information from
thermal zones, HVAC system definitions, schedules, and sim-
ulation parameters, and links the CSV output files containing
the simulation results to the KPI nodes in the graphs. Another
connector, based on the Topologicpy library (Jabi 2024), allows
BTwin to compute topological relationships between spatial
objects and boundary surfaces, facilitating the construction of
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adjacency and navigation graphs.

Additional connectors interface with sensor data sources,
reading time-series data from SQL databases and processing it
to calculate KPIs. Other connectors are designed for data visu-
alisation and dashboard development.

The complete list of BTwin’s key dependencies includes:

« IfcOpenShell (IfcOpenShell n.d.): an opensource IFC toolkit
that provides Python bindings for reading, writing and
modifying IFC files.

« Topologicpy (Jabi 2024): a software development kit and
plug-in that enables logical, hierarchical and topological
representation of spaces and entities, facilitating the com-
putation of adjacency and connectivity networks.

« Eppy (Philip 2020): a Python library for managing Energy-
Plus input and output files. It enables programmatic navi-
gation, search, and modification of EnergyPlus IDF files, as
well as the extraction of simulation results.

« NetworkX (NetworkX developers 2025): a Python package
for the creation, manipulation and study of networks. It
provides data structures for graphs and standard graph
algorithms, as well as methods for calculating graph meas-
ures.

+ Neo4j (Neo4j Inc. 2025): a graph database management
system that efficiently stores and queries highly connected
data. It utilises native graph structures, offering high per-
formance and scalability.

« SQLite (SQLite Consortium 2025): a self-contained, fast
and reliable SQL database engine implemented as a Clan-
guage library. It is used for managing timeseries and other
relational data.

« Plotly and Dash (Plotly 2025): interactive plotting libraries
for Python, usable to create web-based dashboards.

Other minor dependencies include Pandas (pandas 2025) for
data analysis and NumPy (NumPy Team 2025)for tabular data
manipulation.

Figure 42 illustrates the BTwin ecosystem.

4.2.5 OpenBIM and open source principles
Connecting BTwin with well-established open-source librar-
ies reinforces its alignment with the principles of openBIM?
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The toolkit aims to embody these values by ingesting neu-
tral, non-proprietary file formats to extract data for graph con-
struction, by supporting open standards, and by being open
source itself. This open-source nature allows users to inspect
the source code, extend existing modules, and contribute to on-
going development, encouraging peer review, fostering trans-
parency, and promoting integration within the academic re-
search community.
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4.3 Data serialisation

4.3.1 Graph data serialisation

In BTwin, graph serialisation - the process of transforming un-
structured data into a storable, transferable, and machine-read-
able format consistent with graph representations - is imple-
mented through the JavaScript Object Notation for Linked
Data (JSON-LD)?3. This notation is employed in the toolkit as an
intermediate serialisation format for ingesting data from exter-
nal sources into centralised KGs.

A typical JSON-LD document is organised into two main

components (see Figure 43 for an example):

« the @context section, which defines mappings from com-
pact terms used in the document to their corresponding
full IRIs, ensuring unambiguous interpretation of keys
and values, and referencing the ontologies that provide
the vocabulary;

« the @graph section, which lists the graph’s nodes as indi-
vidual JSON objects, describing their metadata and class,
and linking them through ontology-defined relationships
to other entities.

In BTwin, this lightweight representation can be produced

in two ways:

« Manual object generation can be performed using specific
functions that create JSON-LD graph objects by specifying
basic parameters, such as the element’s unique identifier,
class, and relationships.

« Automatic object generation can be realised through the
connectors, which extract data from external sources and
map it according to the JSON-LD syntax.
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"@context™: {
“bot": “"https://w3id.org/bot#",

“brick”: “"https://brickschema.org/schema/Brick#",
"ifc": "https://standards.buildingsmart.org/.../OWL#",

"name”: “http://schema.org/name"

+s
“@graph”: [
{
"@id": “storeyX",
"@type”: "bot:Storey"
}’
{
"@id": “spacel”,
“@type”: “"bot:Space”,
"relationships”: {
“brick:hasLocation™: [
{
"@id": “"storeyX",
“@type”: "bot:Storey”
}
1
}
}s
{
“@id": “sensorl",
“@type”: “ifc:Sensor”,
“relationships”: {
“brick:hasLocation”: [
{
“@id": "spacel”,
"@type": "bot:Space”
}
1
}
}s
{
"@id": “temperaturePointl”,
"@type": "brick:Sensor”,
“relationships": {
“brick:isPointOf": [
{
"@id": “"sensorl”,
“@type”: “"brick:Sensor”
}
1
}
}

Figure 43. Example of
JSON-LD serialisation.
The representation
shows humidity

and temperature
measurement points
linked to a sensor,
<sensor1>, which is
positioned in <space1>,
located on <storeyX>.



Table 8. Example
template for a SQL
database containing
sensors’ data.
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4.3.2 Time-series data serialisation
A different serialisation strategy is used for handling time-se-
ries sensor data:

« For time series already available in structured data formats
(e.g., EnergyPlus CSV output files), dedicated functions
and connectors are developed in BTwin to access and que-
ry the data directly from the native time-series formats;

+ For time series without a predefined structured format
(e.g., raw sensor readings), data are stored in SQLite da-
tabases, following the template illustrated in Table 8. Ex-
ample template for a SQL database containing sensors’
data.. This tabular template includes the following col-
umns: sosa:madeBySensor (the UID of the corresponding
brick:Point in the graph), sosa:ObservableProperty (the
measured quantity, e.g., temperature, humidity), Unit,
Value, and Timestamp.

The template is organised so that, at query time, the system
can retrieve the relevant time-series segment related to a graph
object (like a sensor point) on demand. This hybrid approach
ensures that the graph remains performant and focused on rep-
resenting relationships and metadata, while detailed time-se-
ries data can be accessed when required. Conceptually, the FOF
still defines the schema for time-series through the SSN/SOSA
classes sosa:madeBySensor and sosa:ObservableProperty; how-
ever, instead of materialising every individual observation as
a graph node, these instances are made available through SQL
databases, with URIs of the graph nodes pointing to external
data sources.

sosa:madeBySensor  sosa:ObservableProperty  Unit Value Timestamp

temperaturePoint1 Temperature °C 225 2025-03-01
10:00
temperaturePoint1 Temperature °C 227 2025-03-01
10:10
temperaturePoint1 Temperature °C 228 2025-03-01
10:20
temperaturePoint1 Temperature °C 223 2025-03-01

10:30
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4.4 Main modules and functions

4.4.1 Modular architecture

BTwin is organised as a collection of Python modules grouped
into packages that correspond to major functional areas (Figure
44). The following overview summarises the main packages and
their roles.

BTwin
Element Module Performance Module Graph Core
SpatialElement.py Scenario.py Serialisation.py
Eqguipment.py KPISet.py Graph.py
Interface.py
Utilities Visualisation Module Time-Series Module
Document.py Plot.py Point.py
PropertySet.py

4.4.2 Element module

A first module contains classes and methods for extracting and
mapping elements from native formats into graphs. In particu-
lar:

+ The SpatialElement.py package handles the modelling of
the FOF’s spatial hierarchy, which can be executed manu-
ally or by automated extraction of the spatial hierarchies
from IEC, IDF, or Topologic models.

« The Equipment.py package performs serialisation of equip-
ment and sensing systems and connection to the spatial
context.

« The Interface.py package provides methods for serialis-
ing interface elements, which can be done manually or by
parsing IEC, IDF, or Topologic files.

Figure 44. BTwin's
modular architecture.
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4.4.3 Performance module
A second module allows for managing data concerning perfor-
mance, like KPIs and scenarios.

+ KPISet.py defines groups of performance indicators and
associated calculation methods for specific tasks (e.g.,
comfort analysis, energy audits, etc.);

« The Scenario.py package allows for modelling hypotheti-
cal or predictive scenarios and managing scenario-specific
data.

4.4.4 Graph core module
BTwin’s core module offers methods for creating and managing
the graphs. This core is composed of two packages:

+ The Serialisation.py package gives functions to define,
check, and correct the JSON-LD graph representation and
validate its semantic content according to the FOF.

« The Graph.py package provides functions for creating ac-
tual graph databases in NetworkX or Neo4j. Static meth-
ods perform tasks such as JSON-LD to NetworkX or Neo4j
conversion, node and edge creation, assignment of onto-
logical types, graph merging, query execution, and graph
export.

4.4.5 Timeseries management module

A third module comprises functions for manipulating time se-
ries data. It is composed of the Point.py package, which ena-
bles the management of dynamic data points such as sensor
measurements or simulation outputs. This package defines spe-
cific methods for creating or handling sensor points and link-
ing observations to graph nodes, as well as functions to create,
update, and query measurement points, and to interface with
SQLite databases.

4.4.6 Data visualisation module

The visualisation module relies on the Plot.py package, which
provides functions for generating interactive plots, dashboards,
and graph visualisations. It leverages Plotly and Dash to build
web-based dashboards that enable users to explore perfor-
mance data and indicators, compare scenarios, and drill down
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into specific spatial entities or systems. Example visualisations
include scatter plots of sensor values over time, heat maps of
temperature distribution, bar charts of energy consumption
per zone, and interactive diagrams of the graph.

4.4.7 Utilities
The utils package contains supporting functions that assist with
naming conventions, validation and data consistency:
® Document.py manages attachments and metadata associ-
ated with reports or regulatory documents.
® PropertySet.py maps property sets and properties and
assists in unit conversion and validation.

4.5 Usage examples

The third part of the book presents five demonstrative use cas-
es based on the BTwin toolkit, which were developed in recent
years as part of several research projects conducted in the De-
partment of Architecture at the University of Bologna. The cas-
es are organised in increasing semantic complexity to illustrate
the versatility of graph-based workflows and are:

i) Spatial graphs for the analysis of architectural layouts (Chap-
ter 5): BTwin is used in concert with Topologicpy and
NetworkX to construct and analyse navigation graphs,
i.e. graphs representing the connections between spaces
through doors. Applied to a sample of one hundred resi-
dential floor plans, this application enabled typological and
comparative analysis of the architectural layouts of some
buildings built in Bologna after the Second World War. The
focus of this demonstration was on the use of graphs for
spatial analysis, with limited attention given to data inte-
gration and semantic enrichment issues. Time-series data
were also excluded from this analysis.

i) Topological graphs for safety evaluation of evacuation networ-
ks (Chapter 6): BTwin is used in concert with Topologicpy
and NetworkX to create topological graphs mapping the
relationships between spaces and construction elements,
allowing representation of evacuation routes in higher-e-
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ducation buildings. This representation is particularly va-
luable for assessing the safety of the evacuation networ-
ks and supporting wayfinding applications. Even if more
complicated than the first case, the use of graphs is still
oriented towards spatial reasoning, with limited discus-
sion on the topic of data integration and no reference to
time-series management.

iii) Semantic graphs for data integration in heritage building cha-

racterisation processes (Chapter 7): rather than on spatial
reasoning, the third demonstration focuses on the use of
graphs as data structures enabling semantic interoperabi-
lity across diverse data sources. Here, BTwin is used to link
BIM models with sensor and meter data, creating a know-
ledge base that feeds a prototype web application. Time
series are managed here through the SQLite connector.
This application enables building managers to access all
relevant information regarding the performance characte-
ristics of several historic museum buildings situated in an
archaeological park.

iv) Performance graphs for decision support in energy manage-

v)

ment (Chapter 8): in this demonstration, BTwin is used to
create a federated KG integrating data from IFC and Ener-
gyPlus models, thus allowing BIM-to-BEM interoperabili-
ty. EnergyPlus simulations are run to produce fine-grained
time series at the zone levels and calculate relevant KPIs
for building energy management. These KPIs are stored in
the KG, which is then queried to perform data visualisa-
tion through interactive plots. The primary focus of this
use case is on investing in the interaction between occu-
pancy and energy loads in a higher education building.

Scenario graphs for multi-criteria decision making (Chapter
9): the last use case extends the temporal dimension of
BTwin’s graphs to encompass not only past data (e.g., hi-
storical time series) but also projected future scenarios. In
this demonstration, the graph provides a knowledge base
for supporting multi-criteria decision-making in occupan-
cy management. Each scenario is represented as a sub-
graph of a central federated KG that integrated BIM, ener-
gy, and safety models, along with energy- and safety-rela-
ted KPIs. By comparing scenarios, decision-makers can as-
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sess the effectiveness of potential occupancy management
interventions on energy and safety, and identify optimal
strategies. This is the most comprehensive use case, whe-
re graphs are utilised for both spatial reasoning (mapping
evacuation systems in safety models) and data federation
(linking BIM, BEM, and BSM data). Temporal data are also
managed, not only in a monitoring sense but also in a pre-
dictive logic.



Operationalising graph-based workflows

Notes

! Python is a programming language characterised by its straightforward syn-
tax and widespread adoption within the software development community.

2 OpenBIM is a collaborative approach to building design and management
based on open, interoperable standards, which enables professionals from
different disciplines, using diverse software tools, to exchange information
seamlessly and transparently throughout a project’s entire lifecycle, also
thanks to standardised formats such as IFC.

3 JSON-LD is a lightweight syntax for expressing linked data using JSON. As
a W3C recommendation, it was designed to ensure that data are interopera-
ble, machine-readable, and semantically meaningful, while retaining ease of
use for developers already familiar with JSON. At its core, JSON-LD embeds
Linked Data principles (identifiers, contexts, and relationships) into standard
JSON structures. This allows entities originating from different datasets to be
disambiguated, connected, and integrated using Internationalised Resource
Identifiers (IRIs). This format enables the graphs to be instantiated either in
an RDF triple store or a Labelled Property Graph (LPG), depending on the use
case requirements. JSON-LD is particularly valuable because it bridges the
developer-friendly JSON syntax with the semantic web ecosystem, supports
the serialisation of RDF data models, and facilitates interoperability across
web applications, APIs, and KGs.
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5. SPATIAL GRAPHS FOR THE ANALYSIS OF ARCHITECTURAL
LAYOUTS

Abstract

This chapter presents the first application discussed in the book,
developed in accordance with the theoretical and methodologi-
cal framework of Buildings as Networks.

This application focuses on the use of graph-based tech-
niques for analysing building layouts. In particular, the text
introduces a semi-automated workflow for generating graph
representations of floor plans, applied to nearly 100 residen-
tial buildings located in Bologna. The resulting dataset supports
typological analysis and comparison at the urban scale. Within
this context, graphs prove particularly effective for examining
the spatial structure of these buildings through graph analytics,
with a primary focus on studying centrality and connectivity
metrics. The emphasis of this chapter is on the use of ‘graphs
for topological analysis of networks’ rather than ‘ graphs for data
integration’, an aspect addressed instead in later chapters.

The text documents the main outputs of the research pre-
sented in the article ‘Semi-Automated Dataset Generation for
Residential Buildings Using Graph-Based Topological Modelling’
(Massafra et al. 2025b), aligning it within the book’s framework.
Most of the work described here was conducted during a visit-
ing period I had at Cardiff University (UK) in the early months
of 2025, in collaboration with Wassim Jabi, Dania Al-Harasis,
and Lorenzo Stefanini, to whom I am grateful for their contri-
butions.
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5.1 Contextualisation and use case definition

This chapter inaugurates the third part of the book, which pre-
sents case studies demonstrating how graph-based methodol-
ogies can be applied to existing building stocks for several pur-
poses. While the previous chapters outlined the principles of
representing Buildings as Networks and described the underly-
ing semantics and ontological models, this and the subsequent
chapters attempt to provide concrete examples that validate
these concepts.

The use case presented in this section demonstrates how res-
idential floor plans can be transformed into graphs represent-
ing architectural layouts and how, after being generated, these
graphs can be automatically processed to infer the occupancy
type of the spaces based on node connectivity, centrality, and
morphological features.

The motivation behind using graphs for such analysis is
that, as already mentioned, in architectural contexts, graphs
can provide practical approaches to encoding both the connec-
tivity of spaces and the hierarchy between them®. By contrast,
alternative modelling techniques, such as polygonal or voxel
representations, can accurately describe space geometry - also
better than graphs - but are less effective at capturing relational
properties.

To operationalise the graph analysis, the presented research
lays its foundation on Topologic’s framework, which, as seen in
Section 3.2.4, conceives buildings so that spaces can be iden-
tified as Cell elements, aggregated into a single building enti-
ty, the CellComplex, and interconnected through Aperture ele-
ments, representing doors This conception enables the encod-
ing of information into a Topologic Graph entity, which explic-
itly maps how spaces are connected through doors in the floor
plan layout.

The application relies on a workflow capable of semi-au-
tomatically generating a dataset of residential layout graphs,
starting from floor plans in raster formats, such as .PDF, .JPG,
or .PNG. Each of these graphs consisted of nodes represent-
ing spaces and edges representing the passage between spaces
through doors, with nodes storing information about space ge-
ometry and centrality.
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The workflow consists of four fundamental steps: collecting
raster planimetric drawings; retracing spaces and apertures in
a CAD environment; generating topological graphs that map
floor circulation; and assigning functional labels to spaces using
conditional rules inferred from graph centrality metrics. The
central aspect of the method involves the inference step, sup-
ported by an eleven-rule, conditional data modelling procedure
that processes node attributes to detect the functional labels of
nodes (e.g., entrance, corridor, living room, bedroom, kitchen,
toilet, etc.).

The methodology is tested on a sample of Italian residential
buildings constructed between the 1940s and 1960s. In addi-
tion to the methodology, the primary outcome of the research is
a dataset comprising nearly 100 floor plan graphs, correspond-
ing to approximately 400 apartments, produced in three differ-
ent graph formats: Topologic’s JSON, NetworkX’s JSON, and
BTwin’s JSON-LD. The dataset serves as a typological analysis
of this stock, offering an analytical perspective for character-
ising the distributive typologies of the buildings and revealing
common design patterns in the residential architecture of the
period.

5.2 Case study: post-war residential stock in Bologna

The case study for this application consists of public housing
blocks built in Bologna (Italy) between 1945 and 1965 (Figure
45). These were chosen because they represent a significant por-
tion of the Italian urban fabric. Indeed, nationwide, the residen-
tial stock is estimated to be around 30 million units, about 70%
of which were built before the 1970s, before the implementa-
tion of modern seismic and energy regulations (Italian National
Institute of Statistics (ISTAT) 2011).

Intrinsic construction and architectural features mark hous-
ing from the 1940s to the 1960s in the peninsula, like non-seis-
mic conception of structural systems, low construction quality,
uncertainty in the definition of material properties, and poor
urban and architectural conformation of the areas where they
are located, which make them particularly inadequate to the
contemporary requirements. Addressing these shortcomings
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often demands radical interventions that are costly, technically
complex, or incompatible with heritage preservation.

Consequently, a key question confronting policymakers is
whether to focus on preserving or renovating this heritage or
opt instead for demolition/reconstruction strategies. Both ap-
proaches have socio-economic and environmental implications,
necessitating a comprehensive knowledge of this heritage’s
physical, typological, and construction characteristics for in-
formed decision-making.

If, on the one hand, it is recognised that such choices could
be supported and enhanced by data-driven procedures - to
be grounded in reliable knowledge bases — on the other hand,
challenges exist in acquiring data at the urban level. Tradition-
al urban mapping methods remain resource-intensive; more-
over, existing digital databases (e.g., ISTAT or a municipality’s
GIS, as in the case of Bologna) often provide only general in-
formation about buildings, which is insufficient for targeting
interventions at both urban and building scales. The research,
therefore, underscores the need for systematic approaches to
collect and integrate large-scale data on architectural features
into data-driven tools, such as city digital twins (Lehtola et al.
2022), to inform policy decisions more effectively.
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Figure 45. Google
Street VView images
of a subsample of
the buildings under
investigation.

. m

giai inf

Figure 46. Raw floor
plans for a sample
of the investigated
buildings.
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5.3 Methods and tools

5.3.1 Workflow articulation
The methodology adopted to pursue the research objectives is
organised into four main phases, described in the following sec-
tions:

1. Data acquisition;

2. Data preprocessing;

3. Data modelling;

4. Data processing and analysis.

5.3.2 Data acquisition

In the first phase, all the raw data required for the analyses were
acquired. The workflow began with the collection of planimet-
ric drawings of the buildings’ typical floor plans. These consist
of the primary input for the workflow. In the context of this
study, the drawings were retrieved from the Historical Archives
of the Emilia Romagna Region (ParER). They consisted of paper
technical drawings of floor plans, sections, and elevations from
the original design, along with related technical documents®.
The plans were scanned and made available as image raster files
in PNG format. The selected sample of buildings comprised 98
multi-storey public houses built in Bologna between 1945 and
1965, corresponding to 175 blocks and 392 apartments. Figure
46 depicts a subsample of the scanned drawings.

5.3.3 Data preprocessing

Because the scanned images contained visual noise (such as
annotations, symbols, and scale distortions), they could not be
directly analysed without first being vectorised. In the second
phase, preprocessing techniques were therefore applied to con-
vert the raw drawings into digital models.

The preprocessing step proceeded as follows:

+ The images were imported into Rhino, a 3D modelling en-
vironment that supports geometric manipulation (Robert
McNeel & Associates 1993).

« In Rhino, the spaces of each floor plan were manually re-
traced?® (see Figure 47).
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« The space boundary curves were scaled to real-world di-
mensions.

+ Using Rhino in connection to Grasshopper (GH) (‘Grass-
hopper - algoritmic modeling for Rhino’ 2025), a Visual
Programming (VPL)* environment, the curves were aligned
to a 10 cm grid to correct minor inaccuracies.

+ The 2D curves were extruded into 3D closed objects.

« Through another GH algorithm, the 3D objects represent-
ing the spaces were converted into Topologic Cells.

+ The cells were merged into a CellComplex encoding spatial
adjacency.

« Dummy Apertures (representing doors) were generated
and projected onto the cells’ faces.

« Passage relationships between spaces through doors were
computed, producing a passage graph.

« The CellComplex was exported as a Topologic file.

« Always working in GH, the passage graph was exported in
CSV format.

Figure 48 illustrates the main results of this step, where the
visualisation of the BReps® is superimposed on the visualisation
of the passage graph.

Several challenges were encountered during the data prepa-
ration process. The manual retracing process proved to be the
most critical step, as it was labour-intensive and prone to hu-
man error. In the early experiments, even minor discrepancies
in tracing led to misaligned vertices or incorrect adjacency rela-
tionships. To address this, GH scripts were integrated into the
workflow to ensure consistency in the retracting operations®.

Another difficulty arose from the heterogeneous quality of
the archival drawings, as some plans were faded or incomplete,
necessitating interpretation by the operator. Data variability
was mitigated by relying on a single operator for the retracing
process, who was familiar with both the buildings and the asso-
ciated documentation. In cases of uncertainty, cross-checking
was performed using the original technical project documents
or, where necessary, Google Maps to verify the geometry and
location of the buildings.
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Figure 47. Retraced
floor plans for a sample
of the buildings under
investigation.

Figure 48. Topologic
Graph and CellComplex
for a sample of the
buildings under
investigation.
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5.3.4 Data modelling

Once exported in CSV format, the graphs were imported into
Python using Pandas (pandas 2025). Here, CSV files were pro-
cessed to align with BTwin’s JSON-LD notation and then con-
verted into NetworkX graphs. Additional nodes and relation-
ships were added to reconstruct the complete spatial hierarchy
for each building.

All semantic attributions of the nodes and edges were aligned
with the Federated Ontology Framework (FOF) presented in
Section 3.3, particularly with a subset of concepts drawn from
the Building Topology Ontology (BOT), Brick, and the Topolog-
ic Class Hierarchy, following the subpart of the ontology depict-
ed in Figure 49.

Each node and edge in the graphs was labelled with its cor-
responding ontological class and assigned a unique identifier
valid across the entire dataset.

The core ontological framework supporting this application
was based on a simple spatial hierarchy, where:

+ bot:Building represents each building.

+ bot:Storey represents the storey in the building whose

floor plan is analysed, i.e. the ‘typical’ floor.

+ brick:Zone represents apartments, defined as aggrega-

tions of spaces.

+ bot:Space represents each room within the floor plan.

These elements were related such that each bot:Space was
connected to both brick:Zone and bot:Storey through the
brick:hasLocation relationship. Similarly, location relation-
ships were established between bot:Storey and bot:Building,
as well as between brick:Zone and bot:Building.

In addition to the classes of the spatial hierarchy, interface
elements were included. In particular, the top:Aperture class
was employed to represent doors between spaces, linking two
bot:Space entities and enabling passage. The bot:interfaceof
relationship linked top:Aperture to bot:Space, thereby creating
the chain space-aperture-space used to map the passage graph
of the floor. This was also expressed through the btwin:hasPas-
sageTo relationship between two bot: Space entities.

To realise the graphs, a connector was developed to map To-
pologic elements within BTwin’s NetworkX graphs. NetworkX
was selected to manage graphs for this application, as it pro-
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vides a lightweight yet powerful environment for graph man-
agement and analysis. On the one hand, it was chosen over
alternatives like Neo4j, because it allows efficient handling of
small datasets in a very manageable JSON format; on the oth-
er, because the NetworkX Python library includes a wide range
of well-established functions handy for graph analytics, such as
centrality metrics, minimum spanning tree, community detec-
tion, and so on.

In particular, the connector encodes:

« Topologic CellComplex as bot:Building.

« Topologic Cluster as brick:Zone.

« Topologic Cell as bot:Space.

. Topologic Aperture as top:Aperture.

Since Topologic does not natively include a class represent-
ing storeys, bot:Storey nodes were generated from the geomet-
ric data of the BRep file. Specifically, one storey was created for
each unique z-coordinate corresponding to the lower surface of
the BReps representing the spaces.

Figure 50 provides an example graph generated at this point.

In addition, to further prepare the graph, morphological and
centrality metrics of the spaces were computed and attached to
the nodes as properties. Morphological parameters were calcu-
lated using Topologicpy functions by inputting the BRep file
(Table 9). Centrality metrics were instead computed through
NetworkX (Table 10).

_

hasPassageTo
interfaceOf

Figure 49. Subpart of
the FOF used for the
application.



Figure 50. Example
BTwin's graph
representing a floor
plan.

Figure 51. Example
BTwin's graph
representing a floor
plan, simplified for the
analysis.
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Nodes:
bot:Building
bot:Space
bot:Storey
brick:Zone
top:Aperture
Edges:
brick:hasLocation
top:connectsTo

Nodes:
@ bot:Space

Edges:
— btwin:hasPassageTa
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Property Name

Description

Betweenness
Centrality

The betweenness centrality value for the node in the
graph. Betweenness centrality quantifies a node's
significance within a network based on its position along
the shortest paths between other node pairs, in which a
node is considered central if it frequently serves as an
intermediary in these shortest-path connections [122].

Closeness Centrality

Closeness centrality value for the node in the graph.
Closeness Centrality suggests that a node’s proximity to
other nodes in the graph determines its closeness to the
rest of the network [123].

Degree Centrality

Degree centrality value for the node in the graph. Itis the
total number of connections a space has relative to all
other spaces within the architectural environment [124].

Eigen Vector
Centrality

Eigenvector centrality for the node in the graph.
Eigenvector Centrality evaluates a node's importance by
accounting for both its direct connections and the
significance of its neighbouring nodes [125].

Uniform
Component
Decomposition
Centrality

Uniform component decomposition centrality of the
node in the graph

Betweenness
Centrality

The betweenness centrality value for the node in the
graph. Betweenness centrality quantifies a node’s
significance within a network based on its position along
the shortest paths between other node pairs, in which a
node is considered central if it frequently serves as an
intermediary in these shortest-path connections [122].

Table 10. Centrality
metrics calculated
through NetworkX.



Table 9. Morphological
metrics calculated
through Topologicpy.
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Property Name Description

Compactness Measure of the space's compactness, defined as the
ratio between the gross area of the space and the gross
area of its smallest bounding rectangle in the xy plane.

GrossArea Gross area of the property (in square meters).

Rectangularity

SV Ratio

Measure of how closely the space’s shape approximates
a rectangle, defined as the ratio between the width and
the length of the smallest bounding rectangle of the
space in the xy plane.

Surface-to-volume ratio of the property, defined as the
ratio between the volume of the space and the sum of
the areas of all faces bounding the space (walls, roofs,
and floors).

Once ready, the refined graphs underwent an automated
functional enrichment process. This process relies on a Python
algorithm that, following an eleven-step procedure, allows in-
ferring occupancy types of spaces from nodes’ morphological
and centrality measures (Figure 52).

These rule sets, described below, were determined after iter-
ative and careful observation of the analysed floor plans, which,
as mentioned, belong to a set of buildings with similar func-
tions, ages, locations, and construction characteristics. These

are:

« Extraction of building blocks and identification of stairs (Rule-
set 1). Each floor plan graph is decomposed into connected
subgraphs representing building blocks. Uniform Compo-
nent Decomposition Centrality (UCDC) is introduced to
identify the staircase node within each block’.

« Detection of elevators (Ruleset 2). Nodes with degree® one
connected to a staircase and with an area less than 50% of
the staircase area are classified as elevators.

« Extraction of apartment subgraphs and entrances (Ruleset
3). Removing stairs and elevators yields subgraphs corre-
sponding to individual apartments. Nodes directly con-
nected to the staircase in the original block graph are des-
ignated as apartment entrances.
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Corridor assignment (Ruleset 4). Within each apartment
graph, corridors are identified by computing the minimum
spanning tree’ and marking nodes with a degree greater
than one. These nodes, due to their connectivity, act as cir-
culation spaces.

Differentiation between corridors and passthrough living
rooms (Ruleset 5). The previous corridor assignment rule
sometimes misclassifies some circulation spaces as corri-
dors. While these spaces function as circulation areas, they
also serve as living rooms. To identify these ‘pass-through
living rooms, three node-chain configurations have been
developed to reclassify nodes based on their connectivity
characteristics: ‘Entrance-Corridor-Corridor’, ‘Corridor-Cor-
ridor-None’, and ‘Entrance-Corridor-None'. Reclassification
occurs when the central corridor has a larger area and spe-
cific degree conditions relative to adjacent nodes.
Distinguishing liveable and supporting spaces (Ruleset 6).
A KMeans clustering™ procedure partitions unclassified
nodes into ‘liveable’ and ‘supporting’ spaces, using both
geometric and centrality attributes. Moreover, due to the
sensitivity issues of K-Means - particularly misclassifying
small bedrooms as supporting spaces — this method is en-
hanced by a simple rule that, in cases of inconsistencies,
reclassifies all nodes with a gross area greater than 10 m®
as living spaces.

Identification of living rooms (Ruleset 7), bedrooms (Rule-
set 8), kitchens (Ruleset 9), toilets (Ruleset 10), and closets
(Ruleset 11). Subsequent rules sequentially label the re-
maining nodes. The living room is identified among the
living spaces based on proximity to the entrance, degree
(connectivity) and area; remaining living spaces are clas-
sified as bedrooms. Closets are identified as those spac-
es whose area is less than 30% of the average room area;
kitchens are identified among the spaces connected to the
living room based on size and adjacency; and all remaining
supporting spaces are designated as toilets.

After the data enrichment process, all the graphs were saved

in a JSON format compatible with NetworkX, with each node
storing, in addition to its unique identifier, semantic label, cen-
trality, and morphological metrics, its functional attribution.
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Figure 52. Main steps
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type using graphs.
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5.4 Results and outcomes

5.4.1 Results overview
The workflow was applied to the 98 buildings (175 blocks and
392 apartments) that constitute the study sample, resulting in
a consistent dataset of graphs suitable for comparative analysis
(Figure 53 and Figure 54). Three main activities were carried out
on this dataset:
1. Evaluation of the accuracy of the results achieved in the
node classification process;
2. Statistical analysis of the study sample;
3. Sensitivity analysis of the most relevant metrics for pre-
dicting occupancy type.

5.4.2 Evaluation of process accuracy

Once the node classification methodology was applied to all 98
buildings, correction of misclassifications across the entire da-
taset was performed manually, both to make the dataset more
consistent and to evaluate the process accuracy. As a result, ap-
proximately 10% of the nodes required adjustment, resulting
in a 90% accuracy of the process. Most errors occurred between
single bedrooms and kitchens, or between large bedrooms and
living rooms, due to their similar areas and topological posi-
tions. The results demonstrate high potential in this context,
where limited data were available, and alternatives such as
ANNs and GNNs cannot be applied to the node classification
task due to the limited sample size.

5.4.3 Statistical analysis of the dataset

After being checked and validated by a human operator, the
graph dataset was analysed to understand the sample compo-
sition and characteristics. Figure 55, Figure 56, and Figure 57
illustrates the distribution of floor area and number of nodes at
the floor, block, and apartment levels Figure 58 and Figure 59
depict instead the distribution of space occupancy types in the
dataset.



Figure 53. Topologic
graphs (with cells
coloured by space
occupancy type) fora

sample of the buildings

under investigation.

Figure 54. NetworkX
graphs (with nodes
coloured by space
occupancy type) for a
sample of the buildings
under investigation.
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The distribution of floor areas shows a right-skewed pattern,
with the majority of floor plans being relatively small and only a
few exceeding 1000 m®. In terms of block configuration, a single
block per floor plan is the most common arrangement, while
multi-block layouts are less frequent. The number of apart-
ments per floor plan is concentrated around the lower values,
with a clear peak between 3 and 5 apartments per floor plan.
Similarly, the distribution of nodes (representing spaces within
the floor plan) also follows a right-skewed trend, suggesting a
general preference for simpler designs with fewer internal sub-
divisions.

At the block level, most block areas fall within the range of
150-300 m®. Blocks containing three apartments are the most
frequent, while those with five are the least common, indicating
a preference for three-unit configurations. The distribution of
spaces within each block is slightly skewed, with the majority
containing between 10 and 25 spaces. At the apartment level,
apartment areas range from 50 to 160 m? with most falling
within the 90-110 m® range. The number of nodes, correspond-
ing to the number of spaces per apartment, varies between 2
and 30, with 7 being the most frequent value.

Bedrooms are the most numerous type of space and account
for the largest share of total area. Living rooms also represent
a significant proportion and are present in almost every apart-
ment. Kitchens and toilets generally occur once per apartment.
Most bedrooms have a gross area between 10 and 25 m?, with
a peak of around 18 m®. Living rooms range from 14 to 29 m?,
with a peak size of approximately 21 m?.
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of floor plans by total
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blocks, apartments, and
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Figure 57. Distribution
of apartments by total
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5.4.4 Sensitivity analysis

A sensitivity analysis was conducted at the end of the process
to determine which features were most influential in predicting
the occupancy type of nodes. Initial tests with a Random Forest
(RF) classifier'!, shown in Figure 60, revealed that shape and
size metrics, particularly the surface-to—volume ratio and gross
area, were the most influential. Topological descriptors such
as closeness and betweenness centrality at the floor level also
proved significant.

To further validate this finding, several Machine Learning
(ML) models were trained on the dataset, including RF, XG-
Boost'?, and Artificial Neural Network (ANN)*3, to predict occu-
pancy type from both morphological and topological features.
Each of these models was optimised through an iterative ap-
proach by tuning the primary hyperparameters. Three experi-
mental configurations were then tested for each of them:

a) Classification of node occupancy type by using only mor-
phological descriptors;

b) Classification of node occupancy type by using only topo-
logical descriptors;

c) Classification of node occupancy type by using both mor-
phological and topological descriptors.

XGBoost proved to be the best-performing algorithm when
trained with the combined feature set (configuration C), achiev-
ing an accuracy in node classification of approximately 86%. By
contrast, the models trained exclusively on morphological or
centrality metrics achieved accuracies of only 61% (configura-
tion A) and 63% (configuration B). The analysis of the confu-
sion matrix' revealed that most classification errors occurred
between bedrooms and living rooms, or between smaller bed-
rooms and kitchens. These errors reflect the similarity between
these spaces in terms of size and topological position, which
makes them particularly difficult to distinguish.

Overall, the results highlight the methodological importance
of integrating morphological descriptors and graph-derived
metrics within a unified analysis framework. Graph represen-
tations made it possible to capture both geometric properties
and circulation patterns simultaneously, thereby enriching the
feature space available to ML and enabling reliable functional
classification of residential layouts.
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Figure 60. Results of
015 the sensitivity analysis
on node features,
highlighting the
relative importance of
each attribute in the
classification model.
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Notes

! Supported by well-established algorithms in graph data science, graph net-
works excel indeed in tasks such as analysing circulation patterns, identifying
central spaces, and detecting communities or zones within plans.

2 Unlike private buildings of the same period, which were often document-
ed with minimal paperwork, applications for public funding had to include
extensive records demonstrating feasibility and compliance. Consequently,
each analysed building was accompanied not only by plans and sections but
also by metric estimates, structural drawings, technical specifications, and
photographic reports. Although not directly used in this research, these doc-
uments were fundamental for attributing construction characteristics to the
buildings.

3 Closed polylines were drawn to delineate the gross area of each space, and
vertices were placed at the centre of each door opening to capture potential
connections between spaces.

* In computing, a visual programming language (VPL), is a programming
language that lets users create programs by manipulating program elements
graphically rather than by specifying them textually. A VPL allows program-
ming with visual expressions, spatial arrangements of text and graphic sym-
bols, used either as elements of syntax or secondary notation. For example,
many VPLs like GH are based on the idea of “boxes and arrows”, where boxes
or other screen objects are treated as entities, connected by arrows, lines or
arcs which represent relations.

® Boundary Representation (BRep) is a method used in computer-aided design
(CAD) and solid modelling to represent the shape of a 3D object by defining
its boundaries, such as surfaces, edges, and vertices. It describes an object
through its outer geometry and the way these elements connect to form a
solid.

6 For instance, an automated grid-snapping procedure was integrated into the
workflow, aligning vertices to a 10 cm grid, to ensure accurate matching of the
curves for computing adjacency relationships.

7 UCDC measures how evenly the graph splits when a node is removed; the
node whose removal yields the most balanced components is assumed to cor-
respond to the stairs.

8 Degree (number of direct connections) for the node in the graph.

9 A minimum spanning tree (MST) or minimum weight spanning tree is a sub-
set of the edges of a connected, edge-weighted undirected graph that connects
all the vertices together, without any cycles and with the minimum possible
total edge weigh.

0 k-means clustering is a method of vector quantization, originally from sig-
nal processing, that aims to partition n observations into k clusters in which
each observation belongs to the cluster with the nearest mean (cluster centers
or cluster centroid).

1 Random forests, also known as random decision forests, are an ensemble
learning method for classification, regression and other tasks that work by
creating a multitude of decision trees during training. For classification tasks,
the output of the random forest is the class selected by the most trees.

2 XGBoost (eXtreme Gradient Boosting) is a distributed, open-source ma-
chine learning library that utilises gradient boosted decision trees, a super-
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vised learning boosting algorithm that leverages gradient descent. It is known
for its speed, efficiency and ability to scale well with large datasets.

13In ML, an ANN is a computational model composed of interconnected units
called neurons, linked by edges that carry weighted signals. Each neuron pro-
cesses input signals using an activation function and passes the output to
other neurons. Neurons are organised into layers (input, hidden, and output).
ANN s learn by adjusting weights during training and are widely used for tasks
such as classification and regression.

4 In the field of ML and specifically the problem of statistical classification, a
confusion matrix, also known as an error matrix, is a specific table layout that
allows visualisation of the performance of a classification algorithm. Each row
of the matrix represents the instances in an actual class, while each column
represents the instances in a predicted class, or vice versa.



6. TOPOLOGICAL GRAPHS FOR SAFETY EVALUATION OF
EVACUATION NETWORKS

Abstract

Continuing the book’s sequence of demonstrative case studies,
this chapter presents an application in which graphs are used as
the primary means to evaluate the safety conditions of building
evacuation systems.

In particular, the text introduces a semi-automated work-
flow designed to transform a Topological Building Information
Model (TBIM) into a Building Safety Model (BSM), which is
structured around three complementary graphs, allowing width
and length ratio safety checks to be performed at the building,
storey, and room levels. The case study focuses on two univer-
sity buildings, chosen for their typological complexity and rele-
vance to occupancy-based safety analysis.

The work builds upon the research described in “Topological
BIM for Occupancy-Based Integrated Energy and Safety Analysis of
Higher Education Buildings’ (Massafra et al. 2025a), presented at
the 2025 EC3 & CIB W78 conference. It was developed within
the DIGITMAN project (PRIN 2022 programme, id. 2022JM-
RX2A), conducted under a collaboration between the Univer-
sity of Bologna, the Politecnico di Milano, and the Universita
Politecnica delle Marche. Special acknowledgement is extended
to Gabriele Bernardini for his contribution to the development
of the safety module.
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6.1 Contextualization and use case definition

This chapter presents the second demonstrative application in-
cluded in the book. While the preceding section focused on the
use of graphs for space connectivity analysis, the attention here
shifts to the use of topological networks for evaluating the safe-
ty performance of buildings’ evacuation routes.

In particular, the study demonstrates how interrelated
graphs can facilitate the creation of a Building Safety Model
(BSM), which, when combined with graph analytics and algo-
rithms, enables occupancy-based estimation of safety condi-
tions by verifying the compliance of evacuation networks with
the Italian Fire Prevention Code (Fuoco 2022). As in the previ-
ous case study, graphs are primarily employed in this section
as tools for network analysis, rather than as means for data in-
tegration. However, this use case introduces a higher level of
topological complexity, revealing additional analytical potential
of graphs for building topology representation.

The research is based on a workflow that takes as input a
BIM model, enriched with all necessary information for safe-
ty checks, and automatically generates three interconnected
graphs representing the BSM. These are the Passage Graph, rep-
resenting the space-door-space connectivity chains, the Skele-
ton Graph, which maps evacuation routes for width ratio veri-
fications, and the Isovist Graph, which maps evacuation routes
for length calculation. After being generated, these graphs
are processed to assess the compliance of the building with
‘deemed-to-satisfy’ (DTS) requirements, performing checks
that encompass various scales (i.e., fire zone, storey, room, and
element scale) and analytical aspects (i.e., width ratio, length
ratio, independent exits, and openings verification).

Since all these checks depend on the distribution of occu-
pants along the evacuation routes, which essentially represent
connectivity maps between spaces and doors, graph networks
provide an expressive representation for this domain. Nodes
denote rooms, corridors, or doors, and edges encode direct con-
nections between them. In this way, the architectural logic of
planimetric connectivity is digitally encoded in graph models,
enabling the application of algorithms from graph theory, such
as those used to compute shortest paths, identify bottlenecks,
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and assess path redundancy.

The primary outcome involves the development of an open-
BIM workflow that, starting from IFC models, integrates geo-
metric, topological, and semantic information within a unified
framework, resulting in the BSM—a graph-based model that
captures different aspects of evacuation and allows for the im-
plementation of safety checks.

6.2 Case study: safety management in public buildings

The work is applied to the field of higher education building
management. The primary motivation for this choice, made
during the conceptualisation of the research, was that the con-
tinuous use and high-occupancy variability typical of this func-
tional type make these buildings particularly suitable for inves-
tigating the relationship between spatial configuration, evacua-
tion networks, and occupancy in architecture.

Occupancy conditions, indeed, significantly influence the
utilisation and management practices of such buildings, direct-
ly impacting both operational and strategic aspects, including
maintenance, operation, but also safety issues. Recognising and
integrating occupancy data within digital building management
frameworks is, therefore, crucial for supporting strategic plan-
ning, enhancing daily building operations, and optimising the
financial and technical resources allocated to real estate port-
folios.

More specifically, the overall approach has been validated on
a university campus affiliated with Politecnico di Milano, locat-
ed in Lecco, in Northern Italy (Figure 61 and Figure 62). The
campus comprises five buildings dedicated to teaching and re-
search, with a total area of 47,000 m?, 29 classrooms and 2,850
students hosted. In this text, two of them, ‘Building 10’ and
‘Building 09’, were analysed. These are standalone structures
with two and three elevation levels, respectively, and an under-
ground level, connected at the first floor through a suspended,
enclosed bridge (therefore sharing the same evacuation sys-
tem). The building accommodates primarily academic functions
(classrooms and study rooms) and related services (restaurant
and toilets).
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The functional complexity of the buildings, combined with
the variability of occupancy conditions and the wide availability
of occupancy and geometric data on the assets, enabled the ap-
plication and validation of the workflow in a real context that
is also representative of a wider sample of university buildings
in the country.

Figure 61. Aerial photo
of the Lecco Campus
(Politecnico di Milano).

Figure 62. Aerial
overview of the Lecco
Campus (Politecnico di
Milano).
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6.3 Methods and tools

6.3.1 Workflow articulation
The methodology adopted to pursue the research objectives is
organised into three main phases, described in the following
sections:

1. Data acquisition;

2. Data modelling;

3. Data processing and analysis.

6.3.2 Data acquisition

The data acquisition phase, undertaken by the research team at
the Politecnico di Milano within the DIGITMAN project - spe-
cifically under Work Package 1 (‘Conceptual framework and da-
tabase definition’) — was aimed at collecting a comprehensive
set of information on the buildings under investigation. The
process relied on the systematic retrieval and analysis of docu-
mentation made available by the property managers.

More precisely, the following data were gathered:

+ Geometric configuration and functional layout of the two
buildings, including the acquisition of CAD floor plans and
spatial inventories.

« Geometric and fire performance characteristics of the
evacuation systems, with particular attention to the width
and height of egress components such as doors, corridors,
internal staircases, external stairways, and the compart-
mentation features of the buildings.

« Orientation of openings along escape routes, as well as the
typology of door handles and hardware associated with
egress pathways.

+ Geometric, physical, material, and performance attributes
of the key building components, including the envelope
system and internal partitions.

+ Building occupancy data, as recorded by the university’s
administrative office at the beginning of each academic
semester.

All these data were employed in the data modelling phase,

which entailed the development, first, of BIM models, then, of
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dedicated BSM models, all enriched with the acquired informa-
tion.

6.3.3 Data modelling

Building Information Modelling

The first step of the data modelling phase consisted of devel-
oping, for each building, the so-called Topological BIM (TBIM)
model’. This model was created using the methodology de-
scribed by Massafra et al. (Massafra et al. 2024c, 2025a), briefly
summarised in Figure 64.

The primary data sources used to define the spatial geom-
etry within the TBIM models were the CAD drawings supplied
by the building administrators, complemented by additional in-
formation provided by the campus management regarding the
functional designation of each space. At this stage, the key in-
put data also included occupancy parameters derived from the
administration’s records, specifying both the maximum and the
peak occupancy levels associated with each room (see Table 11).

Once semi-automatically generated in Autodesk Revit, the
TBIM models of the buildings comprised both spatial elements
(spaces, storeys, zones) and interface elements (walls, floors,
and roofs, windows, and doors). Minor manual adjustments
were subsequently applied to specific instance objects within
Revit?, followed by direct export to the IFC format (Figure 63).

Figure 63. The TBIM
models of the project’s
case study in the IFC
format. On the left,
Building 09, on the right,
Building 10.



Figure 64. Summary
diagram of the TBIM
methodology. Please
refer to the cited
sources for a detailed
description of the
workflow (Massafra et
al. 2024¢, 2025a)
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Property Description Quantity Unit
Name
Occupancy Number of people required per Occupancy  pp/sqm
Density area for the activity assigned to Density
Safety** this space, as per fire safety
regulations.
Occupancy The number of people estimated Occupancy  pp/sqm
Density to be in an area of the facility Density
Peak** during occupancy peak hours.
Occupancy The maximurm number of people Peaple pp
Number required for the activity assigned Count
Peak** to this space in peak time.
Is Occupied Indicate whether the space is Bool -
permanently occupied (TRUE) or
not (FALSE).
Occupancy Occupancy type for this object. Text -
Type*

** The data on occupancy types was provided by the building administration and
verified through on-site inspections. Subsequently, it was aligned with the OmniClass

notation.

* The data on the maximum occupancy capacity of the spaces, on the other hand, was
derived, occupancy type by occupancy type, from the guidelines outlined in the Italian
fire prevention code. For specific special spaces, such as classrooms, this data was
adjusted to reflect the actual maximum number of occupants established by the

OWIErs.

Table 11. Safety
properties added to

the spaces of the
topological model in the
information enrichment
step.
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Building Safety Modelling

After generating the TBIM in IFC format, a BIM-to-BSM pro-
cess was applied to the TBIM to obtain the models required for
safety verification (Figure 65). This process entails converting
the IFC model into three distinct Topologic graphs that col-
lectively represent the building’s evacuation system, and that,
aggregated, construct the BSM. This last model offers a com-
prehensive analytical framework that facilitates the execution
of various safety assessments. The three types of graphs, each
serving different purposes, are:

« Passage Graph: It maps the relationships of passage be-
tween the various spaces in the building.

« Isovist Graph: It helps determine the shortest path con-
necting occupied spaces to the nearest emergency exits on
the storey, performing length checks.

« Skeleton Graph: It maps the flow of people through the
building’s evacuation routes and performs width checks.

Enriched with all necessary information, they were used to

perform basic fire safety verifications in accordance with the
Italian Fire Safety Code (FSC) regarding DTS solutions®.
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Figure 65. Summary
representation of the
BIM-to-BSM translation
process.



Figure 66. Passage
graph for the first floor
of Building 10. Each
space is represented as
anode (in red), and each
door is represented as
anode as well (black for
internal doors and green
for external doors). The
edges (in red) connect
spaces to their adjacent
doors, without encoding
the geometry or shape
of the spaces.
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6.3.4 Passage Graph

The Passage Graph maps the relationships between passages in
various spaces within the building. It is an ageometric graph in
which nodes represent spaces and doors, and edges represent
direct connections between spaces and their adjacent doors*
(Figure 66). To construct this graph, the IFC model was pro-
cessed using a Python algorithm that performed the following
operations. First, the geometry of each door was imported into
BRep format using IfcOpenShell. Afterwards, a bounding box
was computed for every door using Topologicpy. Each IfcSpace
object was likewise converted into a BRep representation and
subsequently transformed into a Topologic Cell. To establish
adjacency relationships, directional vectors were emitted from
the bounding box of each door, oriented along the door’s nor-
mal and extended in both directions. Whenever these vectors
intersected a Cell, a connection between the corresponding
door and space was identified. This relationship was then encod-
edina Topologic Graph by creating edges linking the centroid of
each door to the centroid of the intersected spaces.

159




Applications and case studies

160

Figure 67. Passage

graphs for Building 10

(on the top) and Building
09 (on the bottom).



Figure 68. Isovist
graph for the first floor
of Building 10. Each
internal door (in red)

is connected to the
external exits (in green)
through the shortest
available route (shown
through red edges).
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6.3.5 Isovist Graph

The Isovist Graph helps determine the shortest path connecting
occupied spaces to the nearest emergency exits on the storey
(Figure 68). It is called ‘isovist’ because its underlying algorithm
is the isovist algorithm® (Benedikt 1979), which basically corre-
sponds to the ‘straight-line’ method required by the Italian FSC
for calculating evacuation route lengths.

To generate the Isovist Graph from the IFC model, a ded-
icated Python algorithm was developed and applied to each
building. The procedure began with the pre-processing of the
IFC file, during which the model was filtered by storey and only
the relevant entities, primarily IfcSpace and IfcDoor objects,
were extracted. All doors on a given storey were then identified
and classified into internal doors, which act as potential points
of origin for evacuation, and emergency doors, which represent
the target exits. For each door, its geometric representation and
spatial location were retrieved for subsequent analysis.

Once the data was prepared, the isovist algorithm was ap-
plied to the geometry of each storey. This computation provided
a visibility-based characterisation of the circulation system, in-
dicating which emergency doors were visually and topological-
ly accessible from any given internal door. The algorithm then
iterated over every internal door, initiating an isovist-based
search that explored the surrounding spaces and examined how
visibility expanded outward from the starting point, searching
for any emergency doors accessible on the storey. This search
continued until at least one emergency door on the same storey
became reachable, thereby establishing a viable route.
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Each valid connection identified through this process, name-
ly every traversable route linking two doors, was recorded as a
set of edges. These edges were subsequently aggregated into a
Topologic Graph that captured the complete set of isovist-based
relationships between internal doors and emergency exits. The
resulting graph was then processed using a shortest-path algo-
rithm® to determine the minimum-length evacuation routes for

the building.

Skeleton Graph

The ‘Skeleton Graph’ is used to map the flow of people through
the building’s evacuation routes and to perform necessary
checks (Figure 69), such as verifying corridor widths based
on the number of people using them. Like before, this graph
is named according to its underlying algorithm: the ‘skeleton’
algorithm’ (Saha et al. 2017).

The Skeleton Graph was generated from the IFC model
through another dedicated Python algorithm. This procedure
was performed by processing each circulation space individu-
ally.

First, the geometry of each IfcSpace corresponding to a cir-
culation area was converted into a Topologic Cell. From this
representation, the lower face of the cell was extracted and used
as the input surface for the skeleton algorithm, which produced
a preliminary skeleton wire representing the medial structure of
the space. The resulting skeleton wire then underwent several
post-processing steps. Non-ridge wires (those not located along
the main ridge line of the skeleton) were removed to retain only
the primary medial axis. The endpoints of the skeleton were
subsequently extended until they reached the boundaries of the
corresponding IfcSpace, ensuring that the skeleton accurately
reflected the full navigable extent of the circulation area. Final-
ly, each internal and emergency door was connected to the near-
est vertex of the skeleton, establishing explicit links between
access points and the medial representation of the space.

At the end of this workflow, all generated edges were aggre-
gated into a Topologic Graph for each circulation space. These
space-level graphs were then merged on a storey-by-storey
basis, after which inter-storey connections were incorporated
through the modelling of staircases. The final output was a uni-



Figure 69. Skeleton
Graph for the first floor
of Building 10. Occupied
spaces (classrooms)
are represented as
nodes in red; internal
and external doors are
represented as green
nodes; circulation
spaces (corridors) are
depicted as a set of
blue line segments that
describe the evacuation
pathway system on the
floor.
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fied Skeleton Graph representing the complete circulation net-
work of the building.

6.3.6 Semantic alignment

As mentioned, during the data modelling phase, the conversion
of the IFC into Topologic Graphs was achieved using a set of Py-
thon algorithms that align IFC element classes with Topologic’s
and with the definitions of the Italian Fire Prevention Code.

Due to the need to translate a general-purpose BIM into a
discipline-specific model, shift from 3D to a graph representa-
tion, and the absence of an explicit ontology in either Topologic
or the FSC, the first step in the BIM-to-BSM conversion was to
create a project-specific ontology. This ontology, aligned with
the FSC definitions and the Topologic class hierarchy, served
as the intermediate common layer for model translation. Con-
ceived as an extension of the Federated Ontology Framework
(FOF) (Chapter 3), it also enables integration with other disci-
plines defined within the same FOF, as shown in later chapters.

The extension of the FOF for safety-related modelling is
shown in Figure 70. This is part of a larger ontology used in
the DIGITMAN project to map digital objects within graph da-
tabases.

Within this part of the ontology, spatial elements are repre-
sented, as in the FOF, using BOT’s classes (bot:Site, bot:Build-
ing, bot:Storey, and bot:Space) alongside Brick classes, specif-
ically brick:Fire_zone, which aggregates multiple spaces into
fire zone units. Furthermore, doors along evacuation routes are
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modelled as top:Aperture instances, linked to their correspond-
ing bot:Space entities via bot:interface0f relationships.

Additionally, the building’s evacuation system is mapped.
The dgm:EvacuationSystem class conceptualises a network
structure composed of interconnected nodes and edges —i.e., a
graph - that together define one or more dgm:EvacuationRoute.
Within this network, nodes represent discrete spatial entities,
such as enclosed spaces (bot:Space), apertures (top:Aperture),
or external areas (dgm:OpenAirSpace), while edges represent the
linear connections or segments that link these nodes. Each con-
tinuous sequence of connected edges and nodes corresponding
to a single evacuation path - such as the route connecting one
room to another — is defined as a dgm:Route. The combination
of multiple dgm:Route instances collectively forms the complete
evacuation network, representing the overall dgm:Evacuation-
System of the building.

hasEvacuationSyslen

— Building
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7
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hasRoute
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Figure 70. Extension
of the Federated
Ontology Framework
for modelling safety-
related data.
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6.3.7 Data processing and analysis

Once modelled, the three graphs were used to perform the
checks listed below on DTS solutions, in accordance with the
Italian FSC. These verifications are commonly performed at
multiple levels, ranging from the entire building’s evacuation
system to individual doors within it, and depend on a single pa-
rameter: the risk profile for human life safety (R, ). This param-
eter, to be assigned to each fire zone, implies different levels of
assignment criteria for the performance of evacuation routes
and thus specific DTS solutions®. In the context of this study,
safety calculations were run at four different levels:

« Element-level verifications refer to checks of the size, par-
ticularly the width, of the doors along the evacuation
routes (doors).

« Space-level verifications refer to checking the minimum
number of independent exits from a space and their width,
intended to prevent localised overcrowding effects of doors
as bottlenecks®. Additional space-level verifications refer
to the door handling typology, opening direction (UNI EN
1125/UNI EN 179), and the minimum height of escape
routes.

« Storey-level verifications are based on the element-level ver-
ifications, which are aggregated at the storey level. They
require checking the elements of horizontal escape routes
(i.e., rooms, corridors, and doors along them, up to the
staircases), including their minimum width (including re-
dundancy verification) and height'.

« Compartment- and building-level verifications mainly con-
cern vertical routes. For staircases, verification of the min-
imum width is performed using the same rationale as for
horizontal escape routes and doors, including a redundan-
cy check™. Moreover, compartment-level verifications en-
compass overall verifications of the entire maximum route
length, including all horizontal, vertical, and dead-end sec-
tions™.

In the following paragraphs, the results of applying the
previously presented methodology to the project’s case study
are reported. The application aimed to calculate safety KPIs to
perform safety assessments at the space, storey, and compart-
ment/building levels.
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6.4 Demonstration

6.4.1 Application to the room

The demonstration of the proposed methodology on the pro-
ject’s case study began with the application of a first verification
algorithm that, using Python, processed the BIM and BSM and
automatically checked the compliance of individual occupied
spaces in the models (e.g., classrooms and offices).

More specifically, the algorithm, applied to both buildings,
allowed checking whether each space met the FSC’s criteria, in-
cluding the width ratio®® of the travel path, the number of inde-
pendent exits of the space'®, and door opening specifications®.
The workflow was applied in redundancy conditions™.

The process calculated relevant KPIs at the room level and
generated visual reports to help identify potential safety issues
(see the example in Figure 71).
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6.4.2 Width ratio verifications

After checking single rooms, the verifications were extended to
the storey and compartment level, starting from the width as-
sessment and continuing with the length assessments.

The width assessments were conducted based on the Skele-
ton Graph. Three preliminary steps were required for preparing
the BSM for running the analysis:

1. Conversion of the Topologic graphs into a NetworkX graph,
necessary to speed up shortest path calculations'’;

2. Identification of the shortest paths in the Skeleton Graph,
identified as the shortest routes leading from each door ad-

Figure 71. Room-level
verifications conducted
on Building 10 under
afictional occupancy
scenario. On the left,
3D view. On the right,
report of the most
significant parameters
considered in the
evaluation for a space.
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jacent to an occupied space (e.g., classrooms) to the closest
storey exit;

3. Distribution of the number of evacuees from occupied
spaces along the shortest routes in the Skeleton Graph.

Identifying the shortest routes along the Skeleton Graph
To identify the shortest routes on the Skeleton Graph, all doors
adjacent to both an occupied space and a corridor (i.e., the ‘start
doors’) were identified by executing topological queries on the
Skeleton Graph. Then, for each start door, the closest storey fire
exit (‘end door’) was determined by applying the shortest path
algorithm on the Isovist Graph. Finally, for each start door, the
shortest path to the corresponding end door (the ‘evacuation
route’) was identified within the Skeleton Graph by applying the
shortest path algorithm.

The results for the case study are displayed in the following
figures (Figure 72, Figure 73).

Distributing the number of people along the evacuation network
Then, evacuees were distributed along the shortest path with-
in the evacuation network. For each start door, the number
of evacuees passing through was determined by dividing the
peak occupancy of the adjacent occupied space evenly among
the space’s start doors. Then, the evacuation route from each
start door to its corresponding end door in the Skeleton Graph
was identified. At the ground level, for each door adjacent to
the stairs, the shortest path from this door to the closest sto-
rey exit door was also determined. For each evacuation route,
at each node along the route, the number of evacuees exiting
from the start door was assigned to the corresponding node in
the evacuation network. The edges of the Skeleton Graph were
subdivided to allow assessments at every meter and at each in-
tersection between different edges. Finally, on the ground floor,
evacuees descending from upper floors via staircases were dis-
tributed along the shortest routes intersecting the evacuation
paths leading from the staircases to the nearest storey exit. The
results of this process for the case study are displayed in the
following figures (Figure 74, Figure 75).
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Figure 72. Combined
Skeleton Graph of
Building 09 and Building
10 with the shortest
routes highlighted.

Figure 73. Combined
Skeleton Graph of
Building 09 and Building
10 with the shortest
routes highlighted, first
floor.



Topological graphs for safety evaluation of evacuation networks

Figure 74. Combined
Skeleton Graph of
Building 09 and Building
10 with number of
people distributed along
the routes.

Figure 75. Combined
Skeleton Graph of
Building 09 and Building
10 with the number of
people distributed along
the routes, first floor.
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Element-level verifications on width ratio

After distributing the number of occupants across the nodes of
the Skeleton Graph, width verification was performed, begin-
ning with the assessment of horizontal escape routes at the lev-
el of individual elements such as doors and corridors.

The effective passage width (L__ ) for each corridor vertex in
the evacuation network was calculated using functions from the
TopologicPy library'®. The effective width of each door was in-
stead taken from the ‘width’ property defined in the BIM model
and assigned to the corresponding node in the Skeleton Graph.

Once the effective widths were established, they were com-
pared with the minimum requirements defined in Table 107 of
the FSC. Where compliance was confirmed, a further verifica-
tion was performed based on occupant load, using the provi-
sions of Table 106, which defines the minimum width as a func-
tion of the number of occupants by multiplying the unit width
per person. An element was considered compliant only if both
checks were satisfied. Finally, each element was assigned a KPI
expressing the width ratio, defined as the ratio of the minimum
width required by the ESC to the door’s effective width (Figure
76).

A similar algorithm was applied to verify the minimum stair
widths. In this process, vertical circulation spaces were first
identified as subgraphs composed of interconnected rooms clas-
sified under the ‘stairway’ function. The number of occupants
assigned to each stairwell was then determined in accordance
with the adopted evacuation strategy, which could be either ‘si-
multaneous’ or ‘phased’, in line with the FSC’s prescriptions.

Once defined, the effective width of each staircase was
checked against the minimum requirement specified in Table
111 of the FSC. Where this condition was satisfied, a further
verification was conducted based on occupant load, comparing
the effective width with the required value in Table 108, which
expresses the minimum width as a function of the number of
evacuees. For each stairway, the width ratio was then calculat-
ed and assigned to the corresponding node within the Skeleton
Graph. The results are shown in Figure 77.



Figure 76. Verification
of the minimum width
of horizontal escape
routes on the combined
Skeleton Graph under
afictional occupancy
scenario.

Figure 77. Verification
of the minimum width
of vertical escape
routes on the combined
Skeleton Graph under
afictional occupancy
scenario.
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Storey-level verifications on the width ratio
The width ratios of horizontal escape routes were then aggre-
gated at the storey level.

This process began with the identification of all storey ex-
its within each compartment, including those leading to safe or
exterior areas, as well as those connecting corridors to internal
staircases. The total effective width of these exits was calculat-
ed by summing the actual widths of all identified openings. In
parallel, the total minimum width requirement for each storey
was determined using the same calculation principles applied in
the previous verifications. Finally, the ratio between the cumu-
lative minimum required width and the cumulative actual width
was computed, providing the storey-level KPI for horizontal es-
cape route capacity. This indicator provided a concise measure
of compliance for each storey, indicating whether the available
egress capacity met or exceeded the FSC standards.

Figure 78 visually represents the results of this process ap-
plied to the project’s case study.

Compartment-level verifications on the width ratio

The final width verification was performed at the compartment
level for the building’s final exits located on the ground floor.
This verification considered not only horizontal evacuation
flows but also vertical flows coming from the staircases.

The verification process strictly follows Formula 17 of the
ESC. This ensures that the cumulative evacuation capacity of
all final exits is sufficient to accommodate the total number of
evacuees from both horizontal and vertical escape routes.

Figure 79 depicts an output of this process applied to the
project’s case study.

Redundancy

A redundancy check was finally applied to all width verifications
to ensure minimum width compatibility under failure condi-
tions. This check evaluates the evacuation capacity by consid-
ering one exit unavailable at a time. The objective was to verify
whether the remaining exits can still accommodate the required
evacuation flow, ensuring compliance with safety regulations
even in the case of an exit blockage or failure.
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Figure 78. Verification
of the minimum width
of horizontal escape
routes at the storey
level for Building 09
and Building 10 under
afictional occupancy
scenario.

Figure 79. Verification
of the minimum width
of final exit doors on the
compartment level for
Building 09 and Building
10 under a fictional
occupancy scenario.
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6.4.3 Length ratio verifications

Identifying the shortest routes along the Isovist Graph

After width checks, length checks were performed. To identify
the shortest evacuation routes on the Isovist Graph, all doors
adjacent to both an occupied space and a corridor were first
identified via topological queries and designated as start doors.
For each of these, the nearest storey fire exit was determined
by applying the shortest-path algorithm directly to the Isovist
Graph. Once the start and end doors were established, the cor-
responding evacuation routes were traced within the Skeleton
Graph, again using the shortest path algorithm to identify the
optimal paths connecting each pair of doors. This process en-
sured that the evacuation network identified the most efficient
routes from occupied areas to designated exits (Figure 81).

Calculating the actual length of the evacuation routes

The actual lengths of the evacuation routes were calculated by
combining the paths from occupied spaces to the start doors,
the horizontal connections, and the vertical circulation routes®.
The total effective evacuation path length was obtained by sum-
ming the distances of all horizontal and vertical segments, along
with those from occupied spaces to their start doors, enabling
the automatic identification and evaluation of both dead-end
and continuous corridors.

Figure 80. Combined
Skeleton Graph of
Building 09 and Building
10 with the number

of people distributed
along the routes after
applying redundancy.



Figure 81. Combined
Isovist Graph of Building
09 and Building 10,
shortest routes (first
floor).
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Calculating the maximum length of the evacuation routes

The maximum length of the evacuation routes was calculated,
for each case, following the guidelines in Table 104 of the FSC
(maximum travel distances) and the R Life category. Adjust-
ments were considered to increase the maximum travel distance
in Table 104 by applying the factors in Table 117, which account
for additional fire protection requirements for the compart-
ment served by the escape route.

The final length-to-width ratio for each space was calculated
by selecting the shortest available evacuation path and dividing
its actual length by the maximum allowed length specified by
the code.
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6.5 Results and outcomes

The proposed workflow was implemented across the evacuation
systems of Building 09 and Building 10. To verify the robust-
ness and adaptability of the methodology, four simulation sce-
narios were carried out, each representing different occupancy
and functional conditions.

+ Scenario O corresponded to the current operational state
(2024) of the buildings and served as the baseline for com-
parison.

« Scenario 1 modelled the case of classroom use with a 20%
increase in occupancy, assessing how higher user density
influences safety conditions.

« Scenario 2 explored the opposite condition, simulating
classroom use with a 20% reduction in occupancy, to eval-
uate the system’s sensitivity to lower occupancy.

« Scenario 3 represented an office configuration (i.e. class-
rooms were all refunctionalised as offices), allowing an as-
sessment of performance under a distinct functional use
with different occupancy patterns.

The assessment revealed that all configurations met the reg-
ulatory requirements, except for Scenario 1, which simulated a
20% increase in classroom occupancy. The baseline condition
(Scenario 0) for the layout of lecture halls with fixed seating was
fully compliant, as expected, since the existing configuration
complies with the FSC. Similarly, the lower-density scenarios (2
and 3) were also compliant, as the reduced occupant load main-
tained adequate egress widths and compartmentation strate-
gies.

By contrast, Scenario 1 triggered a safety alert. The in-
creased occupancy overloaded several components of the evac-
uation network, whose exit widths were insufficient to accom-
modate the higher density. While some rooms could technically
accommodate the additional occupants, the scenario cannot be
generalised to the entire building without architectural modi-
fications. Consequently, the model indicated several strategic
options:

1. discarding the scenario entirely in cases of general occu-
pancy increase;
2. limiting the capacity increase to non-critical spaces identi-
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fied by key performance indicators (particularly in Building
10);

3. introducing physical interventions such as widening or
adding doors;

4. adopting management-based measures for evacuation
control, including directing occupants along less congested
routes.

Fire safety experts should further examine these latter op-
tions to ensure compliance with regulatory requirements.

The workflow demonstrates that the proposed model can
rapidly provide a KPI-based overview of safety performance,
supporting informed decision-making and enabling iterative
updates to the BIM and topological models at the component
level according to revised occupancy and dimensional parame-
ters.
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Notes

* TBIM constitutes an alternative modelling paradigm to conventional, prod-
uct-oriented BIM approaches. It conceptualises buildings through the aggre-
gation of spatial elements rather than through detailed representations of
construction components. This shift towards a space-based and topologically
driven representation yields models that are geometrically lightweight yet
semantically rich, thereby facilitating their integration into Building Perfor-
mance Simulation (BPS) workflows. The TBIM methodology relies on topo-
logical and conditional modelling principles that support the semi-automated
generation of structured building models, enabling a more efficient translation
of architectural and functional information into simulation-ready datasets. In
this regard, TBIM enhances interoperability between BIM environments and
simulation tools by reducing geometric complexity while preserving the es-
sential spatial and functional characteristics needed for performance assess-
ments. TBIM is operationalised in Autodesk Revit using an ad-hoc developed
pyRevit toolkit (Massafra et al. 2024).

2 For example, TBIM apertures, initially positioned at the centre of wall faces
by default in the TBIM toolkit, were manually adjusted to reflect their actu-
al locations, and any inconsistencies in the assignment of construction data
to faces or apertures were corrected. Moreover, properties that could not be
represented on a functional basis through the so-called Informational Load
Dictionaries, and therefore required explicit specification at the level of indi-
vidual spaces, were manually added to the model.

® Deemed-to-satisfy (DTS) refers to prescriptive compliance pathways in
which fire safety requirements are fulfilled by adhering to predefined tech-
nical specifications, geometrical constraints, and design rules established by
a code. When these prescriptive conditions are met, the solution is automat-
ically considered compliant, without the need for further performance-based
analysis or simulation.

* In this context, ‘ageometric graph’ means that the graph does not encode
any explicit geometric information such as dimensions, distances, or spatial
coordinates. Instead, it represents only topological relationships: nodes corre-
spond to spaces or doors, and edges denote direct adjacency between a space
and its connected doors.

° An isovist is the set of all points in space visible from a given observation
point, considering obstacles that obstruct the line of sight. The isovist algo-
rithm is the computational procedure used to generate this visibility polygon
(or visibility volume in 3D) by casting rays outward from an observer location
until they intersect surrounding boundaries. The resulting geometric region
represents the observer’s instantaneous field of view and encodes both spatial
extent and directional characteristics of visibility. Isovist computations are
widely used in spatial analysis, wayfinding studies, evacuation modelling, and
space syntax research because they quantify how geometry influences percep-
tion, orientation, and movement.

6 A shortest-path algorithm is a computational method used to determine the
minimum-length route between two nodes, where length may be defined in
terms of distance or any other weighted metric assigned to the edges. It eval-
uates the connectivity structure of the network and identifies the path that
minimises the cumulative weight from a specified origin to a target node.



7 A skeleton algorithm (often referred to in the context of skeletonisation) is
a computational method that extracts a reduced representation, known as the
‘skeleton’, of a geometric or spatial object, such that the skeleton preserves
the topological and structural characteristics of the original form while signif-
icantly reducing its complexity. Typically, the skeleton is obtained by thinning
or collapsing the object’s geometry inwards (e.g., via medial axis transforma-
tion or other contraction techniques), resulting in a set of lines or curves (in
2D) or surfaces/curves (in 3D) that reflect the object’s connectivity or struc-
tural core. The skeleton algorithm thus provides a concise graph-based or
curve-based abstraction of the original shape, making it suitable for analysis
tasks such as routing, object recognition, evacuation modelling, and spatial
navigation. In particular, the algorithm can be used to transform complex
spatial geometries into graph structures by identifying nodes (branch points)
and edges (connectivity paths) that correspond to the underlying geometry’s
topology (Koehoorn et al. 2017).

8 In particular, Rlife depends on the combination between the compartment/
building intended use and the hazard conditions. It can be assigned according
to a tabular approach provided by the Code itself. Since it provides significant
examples of Rlife that can be directly used by designers, it is as easy to apply
as it is for low-expert technicians. Additional verifications regarding the var-
iation in occupancy rate and the presence and rate of vulnerable users (e.g.,
those with motion/sensory disabilities), as well as the fire load rate, could also
be used to vary Rlife and thus evaluate the effectiveness of solutions under
alternative building use conditions without layout variation.

9 This calculation accounts for system redundancy by assuming that, at any
given time, one door is intentionally treated as unavailable.

0 Since occupants can enter the escape routes from different initial rooms, the
occupancy is evaluated as occupants’ sum by route section. Dead-end route
sections are considered if present.

1 The unit width per person is here considered based on the evacuation meth-
od (‘simultaneous evacuation’ or ‘phased evacuation’), which varies the simul-
taneous maximum occupants number in the staircases.

2 Since a building could be composed of one or more compartments, such
verifications are also referred to at the compartment level.

3 The minimum width of each exit, to prevent localized overcrowding effects
of doors as bottleneck, is derived by the occupancy assessment in number of
persons in the given space according to the FSC (see Tables 106,107,108,111
of the ESC (Fuoco 2022)).

 Two door/exits are independent if, in the room, points exist where the view
angle between straight routes >45° and/or they are separated by fire-resistant
elements. The minimum number of independent door/exits depends on Rlife
and on the crowd size (see Table 94 of the ESC (Fuoco 2022)).

> Verifications on the door handling typology and opening direction ask for
UNI EN 1125/UNI EN 179 opening devices and opening direction in the di-
rection of evacuation depending on occupancy >5 persons and any specific
risk in the room.

6 Redundancy check aims to verify minimum-width compatibility by consid-
ering an exit unavailable at a given time.

" NetworkX proved faster than Topologic when applying graph algorithms
(e.g., shortest-path calculation) on large graphs.



'8 For each vertex, the circulation space in which it was located was identified through the Vertex.
IsInternal() method, after which a line orthogonal to the edge of the skeleton graph was constructed
and intersected with the Brep of the corresponding IfcSpace using the Topology.Intersect() function.
The distance between the two intersection points was taken as the corridor width at that vertex.

¥ The distances from occupied rooms to their respective start doors were computed using the same
algorithms applied at the room level. The horizontal routes were measured as the sum of the edge
lengths within the isovist graph traversed from each start door to its corresponding end door. For the
vertical routes, the total length was derived by considering the height of the staircase shafts and ap-
plying trigonometric relationships to estimate the hypothetical flight length, assuming a 30 cm tread
and a 15 cm riser (a 50 % slope). Landing lengths were also incorporated, with landings assumed to
be as wide as the doors adjacent to the stair shafts and with two flights of stairs per floor by default.



7. SEMANTIC GRAPHS FOR DATA INTEGRATION IN HERITAGE
BUILDING CHARACTERISATION PROCESSES

Absract

The characterisation of the built heritage represents the first
step for analysing its performance and implementing data-driv-
en renovation strategies. However, this process requires the ac-
quisition of vast, heterogeneous datasets, often owned by mul-
tiple stakeholders, which can lead to inconsistent knowledge
bases.

The research presented in this chapter introduces the use of
semantic graphs to integrate heritage building data relevant for
energy performance analysis. A Knowledge Graph (KG) archi-
tecture, coupled with a time-series database, is implemented to
link static and dynamic data for a couple of buildings located
within the Parco Archeologico dell’Appia Antica in Rome (Italy),
resulting in a web application that enables navigation of build-
ing information, visualisation of data trends, and querying rel-
evant KPIs.

This research was conceived within the BETWIN project
(AlmaValue 2023 call) and developed through a scientific col-
laboration agreement between the Department of Architecture
of the University of Bologna, the Parco Archeologico dell’Appia
Antica (PAAA) in Rome, and the Italian National Agency for
New Technologies, Energy and Sustainable Economic Devel-
opment (ENEA). Special acknowledgement is extended to Ugo
Maria Coraglia, Silvia Di Turi, Domenico Palladino, and Michele
Reginaldi.
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7.1 Contextualisation and use case definition

Following two chapters that demonstrated the use of graphs for
the analysis of network structures, this chapter introduces the
book’s first case study that focuses on the application of graphs
as instruments for data integration. The text below illustrates
how semantic graphs can be deployed in contexts where heter-
ogeneous data need to be consolidated into structured knowl-
edge, which is valuable for informing decision-making process-
es. Specifically, the chapter focuses on integrating the extensive
and diverse datasets that typically characterise the energy as-
sessment of heritage buildings.

Gathering reliable and structured information to evaluate
the energy performance of historic buildings is essential for de-
veloping management strategies that enhance efficiency while
preserving heritage significance. However, obtaining precise
data in such settings is often challenging, especially when thor-
oughly characterising construction elements and mechanical
systems.

Unlike modern constructions, historic buildings typical-
ly feature unique and complex components, obsolete building
techniques, and traditional materials whose thermal behaviour
is not easily predictable using contemporary standard models”.
As aresult, significant challenges emerge during data collection:
much of the required information is difficult to access, labori-
ous to gather, or, when it does exist, scattered across multiple
stakeholders in various formats, resulting in fragmented, dis-
connected data silos (Merino et al. 2022). Consequently, when-
ever building managers require this information - for instance,
to perform energy audits or plan renovation works — they must
obtain it from numerous stakeholders. This process is typically
handled through multiple email exchanges or verbal requests,
often leading to lost information and frustration, as well as
considerable time and resource waste during communication
(Abuimara et al. 2021b). Additional problems arise because per-
formance data is not static and varies over time. This dynamism
may not be compatible with the usual slowness of the data col-
lection process.

To address these issues, this chapter introduces a knowl-
edge-modelling workflow that links building information gath-
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ered from multiple sources and in diverse formats, thereby cre-
ating robust knowledge bases that facilitate efficient data que-
rying and retrieval to support building management activities.
Central to this methodology is the Federated Data Modelling
(FDM) approach presented in Chapter 3, which was operation-
alised through the BTwin toolkit (Chapter 4).

The research method was applied in a real environment,
namely the PAAA’s portfolio in Rome (Italy). In previous work,
Di Turi et al.,, from ENEA, compiled a comprehensive dataset
for part of this portfolio, combining geometric surveys, non-de-
structive tests, in-situ investigations, environmental monitor-
ing, and energy bills (Di Turi et al. 2023). This dataset enabled
the evaluation of the envelope’s thermal behaviour, indoor en-
vironmental conditions, and operational performance, forming
a solid foundation for conducting energy audits. In this study,
the data are organised within a KG to power a user-friendly web
application that displays KPIs through intuitive dashboards.
The result is a prototype platform that enables managers to
easily access and extract the information needed for perfor-
mance-based decision-making.

7.2 Case study: heritage building characterisation

The case study focuses on two sites within the Parco Archeo-
logico dell’Appia Antica, a peri-urban protected area in Rome.
The first, the Capo di Bove complex (Figure 82), comprises
two buildings: a main building, primarily used as the PAAA’s
headquarters and as a conference hall, and a smaller outbuild-
ing serving as the park’s ticket office. The second site, Villa dei
Quintili (Figure 83), includes a farmhouse currently used as of-
fice space and an adjacent antiquarium with museum functions.

These complexes were retained as of particular interest for
the study because of their relevance as medium-sized protect-
ed historic complexes and the opportunity to collaborate with
building administrators during data collection. The significance
of this case study is further reinforced by the forthcoming res-
toration and retrofit interventions, funded through Italy’s Na-
tional Recovery and Resilience Plan (NRRP). These initiatives
aim to enhance both the structural integrity and energy effi-
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ciency of the buildings, requiring a comprehensive understand-
ing of their characteristics and a systematic approach to data
collection to monitor their transformation and evolving perfor-
mance over time.

In recent years, ENEA has collected a wide range of data to
support the performance characterisation of both envelope and
system components (Di Turi et al. 2023, 2024). Archival doc-
uments provided partial evidence of the original layouts; on-
site surveys recorded subsequent modifications and current
conditions; energy bills revealed consumption patterns; ther-
mo-fluximetric analyses documented the envelope’s thermal
properties; spreadsheets described the configuration of techni-
cal systems; and monitoring campaigns supplied indoor envi-
ronmental data, including temperature and humidity.

Figure 82. The Capo di
Bove complex: main
building. Source: Di Turi
etal. (Di Turi et al. 2023)

Figure 83. Villa dei
Quintili's complex: main
building. Source: Di Turi
etal. (Di Turi et al. 2023)
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However, despite the high significance and accuracy of this
data, the heterogeneity of these sources made data collection
particularly complex, thereby justifying the adoption of a se-
mantic graph approach to link data into a standard knowledge
base usable for planning the renovation interventions on the

buildings.

7.3 Methods and tools

7.3.1 Workflow articulation
The methodology adopted to pursue the research objectives,
depicted in Figure 84, is organised into five main phases, de-
scribed in the following sections:
1. Data acquisition: gathering and collecting all primary data-
sets;
2. Data modelling: creating the HBIM model and preprocess-
ing the time-series data;
3. Data processing: aggregating raw data and computing the
relevant KPIs;
4. Data integration: linking the datasets through the federated
KG;
5. Data visualisation: presenting performance information
through interactive dashboards.

7.3.2 Data acquisition

The data acquisition phase, conducted by the ENEA research
team, brought together a wide range of information needed to
characterise the PAAA’s buildings for an energy audit, which was
performed in accordance with ISO 52016 (Di Turi et al. 2024).
Specifically, the following data were gathered for the two sites
analysed:

« Geometric and functional data: 2D drawings from the ad-
ministrators were digitised in CAD to document the build-
ings’ geometry, carefully verifying discrepancies between
actual conditions and available documentation. Informa-
tion about building use was also collected through in-situ
surveys and interviews with the site administration, and
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incorporated into the CAD floor plans with accompanying
descriptive legends.

Material and construction data. On-site investigations and
archival analysis provided detailed information on the
materials composing the building envelopes. In addition,
thermofluximetric analyses were conducted to determine
the thermal transmittance of the main walls. Where data
were unavailable, informed assumptions were made based
on typological considerations. The output of this phase
was a set of construction element schedules in CAD for-
mat, covering both opaque and transparent envelope com-
ponents.

« Sensor measurements. A dedicated sensor network record-
ed temperature and relative humidity at ten-minute in-
tervals. Sensors were installed in representative interior
rooms, near exterior walls, and in selected outdoor areas.
The resulting time-series data were stored as comma-sepa-
rated values (CSV) files.

Utility bills. Monthly electricity invoices were digitised,
providing consumption (kWh) and cost (EUR) data over
several years. Electricity use covered heating, cooling,
lighting, and appliances. The resulting data were likewise
stored in CSV format.

« HVAC system inventory. Through on-site inspections and
analysis of technical documentation, all mechanical sys-
tems’ devices (including heating, cooling, ventilation, and
lighting) were mapped and recorded. The compiled system
inventory was organised in Excel spreadsheets (XLSX for-
mat).

The collected datasets were pre-processed in the data mod-
elling phase to ensure their controlled ingestion into the graph
environment. Geometric and spatial data, together with mate-
rial and construction data, were modelled using HBIM (Heri-
tage Building Information Modelling). This enabled the spatial
and constructive characteristics of the buildings to be repre-
sented in a structured and semantically consistent manner.
Time-series data, including sensor measurements and utility
bills, were processed to identify and correct null or inconsistent
values. Once cleaned, the datasets were stored in a SQL data-
base to ensure compatibility with subsequent integration into
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the knowledge system. The HVAC system inventory was refor-
matted into a new Excel file, structured to comply with the se-
mantic conventions defined within the project, as described in
the following sections.

7.3.3 Data modelling

Heritage Building Information Models

The HBIM models shown in Figure 85 were created in Autodesk
Revit 2023 using geometric and alphanumeric information de-
rived from the data collection phase.

The main aim of the HBIM process was to produce informa-
tion models containing relevant data on the spatial layout of
buildings, the material characteristics of envelope and partition
components, and the positioning of sensors.

The information models were created at a Level of Develop-
ment (LOD) 300, with simplified geometry to streamline the
digitalisation process, then exported in IFC format to ensure
compatibility with the presented workflow. Indeed, rather
than produce a detailed geometric virtual reconstruction of the
buildings, the HBIM objective here was to build a “skeleton” of
elements to which performance data could be attached.

Spaces were exported as IfcSpace entities and enriched with
a set of functional and environmental attributes, including a
unique identifier (UID), net area and volume, designated func-
tion (classified according to OmniClass Table 13), occupancy
count and requirements, thermal setpoints, and basic HVAC
characteristics, namely whether the space is cooled, condi-
tioned, or mechanically ventilated.

Opaque components, such as walls, floors, and roofs, were
modelled in Revit using material layer sets and exported as If-
cWall and IfcSlab entities. The materials comprising these lay-
er sets were associated with thermophysical properties includ-
ing density, thickness, thermal conductivity, and specific heat
capacity. From these, aggregate parameters were derived for
each opaque construction, including overall thickness, mass per
unit area, thermal resistance, and thermal transmittance. A ty-
pology-based approach was adopted, supported by a structured
schedule of construction types and a standardised naming con-
vention to facilitate model reuse.



Figure 85. HBIM models
of the case studies in
Autodesk Revit. At the
top, the Capo di Bove
complex. At the bottom,
Villa dei Quintili. Source:
(Coraglia, 2025)
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Doors and windows were modelled following the same typo-
logical logic, using custom Revit families and types explicitly de-
veloped for the case study, and exported as IfcDoor and IfcWin-
dow entities. Each type was linked to essential thermal proper-
ties, including transmittance values for glazing, frame, and the
complete unit, as well as frame material and glazing type. These
data were derived from field inspections.

To enable integration with dynamic data, sensors were rep-
resented in the HBIM as placeholders, each assigned a UID
corresponding to a KG entry, and exported as IfcSensor enti-
ties. These placeholders were linked to their respective spaces
via containment relationships, enabling automated linkage to
time-series sensor data during the integration phase.
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Time-series databases

The billing records and sensor readings were stored in two ded-
icated SQLite databases: the Energy Bill Database (EBDB) and
the Indoor Environment Database (IEDB).

The EBDB contains monthly electricity consumption (ex-
pressed in kWh) and the corresponding cost (in euros) for each
building on each site, covering the period from January 2021 to
December 2022. An excerpt from this database is presented in
Table 12, showing the structure of the stored information.

The IEDB, by contrast, manages higher-resolution data. It
includes temperature and relative humidity measurements col-
lected in representative indoor spaces within the main build-
ings, along with data from one outdoor reference location for
each site. Table 13 provides an excerpt illustrating the database
structure. This repository follows the same organisational sche-
ma as the EBDB to ensure consistent representation of dynam-
ic data. Referential integrity with the metadata stored in the
HBIM is maintained by linking each record to its corresponding
element via a unique identifier. Specifically, each observation
in the EBDB is associated with an energy meter ID. At the same
time, each record in the IEDB is linked to a sensor ID, thereby
ensuring coherent cross-referencing between the static and dy-
namic data domains.

Table 12. Extract

sosa:madeBySensor  sosa:ObservableProperty  Unit  Value Timestamp from the time-series

pt_CBC_EEU ElectricEnergyUsage KWh 455200 2021-01-01 database with bill
recordings.

pt_CBC_EEU ElectricEnergyUsage kWh  4,156.00 2021-02-01

pt_CBC_EEU ElectricEnergyUsage kWh 424200 2021-03-01

pt_CBC_EEU ElectricEnergyUsage KWh  3,62600 2021-04-01



Table 13. Extract
from the time-series
database with sensor
recordings.
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sosazmadeBySensor  sosa:ObservableProperty Unit Value  Timestamp

pt_CBC-PT1_temp Temperature e 2200 24/5/2310.00
pt_CBC-PT1_temp  Temperature °C 22.04  24/5/2310.10
pt_CBC-PT1_temp Temperature °C 2207 24/5/2310.20
pt_CBC-PT1_temp  Temperature °C 2209 24/5/2310.30

HVAC system inventory

The HVAC systems were not modelled in the BIM environment
due to their high complexity, frequent modifications, and the
inherent difficulty of tracing all components within the heritage
building fabric. Instead, these systems were documented in an
external spreadsheet (XLSX format), which served as a detailed
inventory subsequently integrated into the KG.

Although the geometric representation of HVAC compo-
nents was not included in the HBIM, this approach enabled a
structured description of equipment and connections via se-
mantic relationships. The data structure supports future link-
age to BIM objects using the exact referencing mechanism ad-
opted for sensors, thereby ensuring the model’s potential ex-
pandability.

An excerpt of the MEP dataset is presented in Table 14. Each
row in the spreadsheet corresponds to an individual equipment
item and includes information about its ontological class (spec-
ified in the ‘type’ column) and its associations with building sys-
tems and spatial entities.

7.3.4 Data integration
The data integration phase was articulated according to three
main subphases, which are:

1. Ontological mapping and alignment;

2. Data serialization;

3. Generation of the KG.

Ontological mapping and alignment
Once the data had been modelled, semantic alignment was es-
tablished between all the models and databases developed in

191




192

Applications and case studies

this study and the Federated Ontology Framework (FOF) in-
troduced in Chapter 3. In particular, a subset of the FOF was
adopted from BOT, Brick, and SOSA (Figure 86). At its core, the
ontological framework was structured around a spatial hierar-
chy, defined as follows:

+ brick:Portfolio represents the owner’s portfolio, that is,
the collection of buildings under its management;

* brick:Region defines the broader geographic area in which
the portfolio is distributed, corresponding to the different
areas of the park;

« bot:Site identifies a specific area containing one or more
buildings;

+ bot:Building denotes the individual building;

+ bot:Storey refers to floor within buildings;

+ bot:Space corresponds to room.

All these entities are semantically connected through the

brick:hasLocation relationship.

In addition to the spatial hierarchy, a second structure, the
sensor hierarchy, was introduced to model the dynamic data-ac-
quisition system. According to this hierarchy:

« Sensors, understood as physical devices, are defined ac-

cording to the ifc:Sensor class;

« The data points associated with each sensor are represent-
ed as brick:Point, and more specifically as instances of
the subclasses brick:Humidity Sensor and brick:Tempera-
ture_Sensor.

+ Energy meters are defined as brick:Meter, more precisely,
as brick:Electrical_Meter, and are linked to data points
of the type brick:Electric_Energy_Usage_Sensor.

Each ifc:Sensor is connected to the space in which it is
located through the brick:hasLocation relationship, while
brick:Point instances are linked to their corresponding ifc:-
Sensor and brick:Meter entities through the brick:isPointof
relationship.

To this structure, the class sosa:0Observation is added to
represent individual data readings stored in the time-series
databases. Each observation is connected to its corresponding
brick:Point via the sosa:madeBySensor relationship, thereby es-
tablishing the link between the semantic graph and the dynam-
ic measurement data.
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id name type brick:isPartOf System brick:hasLocation
Space

AHU001 AHU (below ceiling) brick:Air_Handling_Unit heatingSystem CBC_PT.A

AHUOO02 AHU (below ceiling) brick:Air_Handling_Unit heatingSystem CBC_PTA

FC001 Fan coil brick:Fan_Coil:Unit heatingSystem CBC_PT.3

HPOD1 Heat pump brick:Packaged_Heat_Pump  heatingSystem CBC_Ext

BL1.4-1 How water boiler Brick:Electric _Boiler dhwSystem CBC_P14

Table 14. Extract from
the HVAC inventory.

Figure 86. Subset of the
FOF supporting the data
integration process.
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The spatial and sensor hierarchies are complemented by the
system hierarchy, which enables semantic mapping of the build-
ing service equipment in the HVAC inventory.

* brick:System is used to represent a collection of equip-
ment and auxiliary components - such as control units,
accessories, interconnecting elements, and terminal de-
vices — through which energy is transformed to perform a
specific function, for example, HVAC, domestic hot water
production, or lighting.

+ brick:Equipment represents individual devices that serve
part or all of a building and may include systems for elec-
tric power, lighting, transport, or service water heating.
Examples include furnaces, boilers, air conditioners, heat
pumps, chillers, water heaters, luminaires, ballasts, eleva-
tors, and escalators, among others.

The containment relationship between brick:Equipment and
bot:Space is expressed through the brick:hasLocation proper-
ty. The membership relationship linking each brick:Equipment
to its parent brick:System is defined by the brick:isPartof
property. Finally, the service relationship describing the con-
nection between systems and the spatial entities they serve is
represented by brick:feeds. The same brick:feeds relation-
ship is also used to define dependencies between two pieces of
equipment (for example, ‘a boiler that feeds a radiator’).

Finally, the performance hierarchy allows for the representa-
tion of performance-related data. Energy- and IE-related met-
rics are modelled as eko:KPI objects, which represent individual
key performance indicators derived from the time-series data.
KPIs are grouped into btwin:KPISet entities, each corresponding
to a collection of related metrics computed for a specific spatial
level. For instance, building-level KPI sets aggregated indicators
such as total energy use, cost, and CO, emissions. In contrast,
space-level KPI sets included metrics such as average tempera-
ture, relative humidity, and comfort indices. The eko:hasAsso-
ciatedobject relationship connects each btwin:KPISet to its
respective spatial entity: bot:Building for energy-related indi-
cators and bot:Space for [E-related indicators. This semantic
linkage ensured that every performance metric could be directly
contextualised within its physical environment, enabling seam-
less queries across geometric and performance domains.
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Data serialisation
To enable seamless data linking, data was serialised according
to the FOF using the JSON-LD presented in Section 4.3.

To translate native data into the JSON-LD schema, a suite of
BTwin’s connectors was used, each transforming domain-specif-
ic constructs into ontology-compliant JSON entities. For exam-
ple, the IFC Connector, built on IfcOpenShell, parsed IEC files
to extract buildings, storeys, spaces, and their properties, and
emits the corresponding JSON-LD graph objects. The SQLite
connector, in contrast, enabled the mapping of sensor points
and SOSA observations to their corresponding sensor devices
and the spaces that host them.

This set of connectors and functions automates the ETL pro-
cess, ensuring that every digital artefact — whether geometric,
spatial, temporal, or performance-related - is consistently rep-
resented.

Generating the knowledge graph

Using the BTwin toolkit, a Neo4j Labelled Property Graph
(LPG) was developed by integrating static and dynamic datasets
through the hybrid architecture outlined in Chapter 3.

At the highest level, the spatial hierarchy was manually initi-
ated by creating brick:Region and bot:Site nodes, which were
then connected to lower-level spatial structures. These subordi-
nate hierarchies were generated automatically via the IFC con-
nector, which extracted ifcBuilding, ifcBuildingStorey, and
ifcSpace entities from the buildings’ IFC models. Containment
relationships (brick:hasLocation) among regions, sites, and
buildings were manually defined, while those between build-
ings, storeys, and spaces were directly inherited from the IFC
structure.

The IFC connector also enabled the creation of ifc:Sen-
sor nodes, whose spatial containment in bot:Space nodes was
refined using Topologicpy containment functions. Separate
brick:Point entities were generated to represent individual
measurement channels (i.e., temperature, humidity, electricity
consumption, and cost), which were subsequently mapped to
the appropriate Brick subclasses.

Additional btwin:Document nodes were created for each key
file associated with each building, including the IFC, EBDB,
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IEDB, and system inventory. Each document was uniquely iden-
tified by its file path and linked to both the building it described
and the corresponding time-series or equipment data.

The SQLite connector was used to process dynamic databas-
es and to aggregate data at either the space or building level.
Connections between measurement points and sosa:Observa-
tion instances were established through the sosa:madeBySen-
sor field within the databases. The SQLite data were imported
into Python and processed using pandas dataframes, with val-
ues aggregated over the monitoring period for each building or
space. The processed results were modelled as eko:KPI objects,
grouped within btwin:KPISet nodes, each linked to its corre-
sponding spatial entity. KPI values encompassed building-level
indicators, such as total energy use, energy cost, and associated
CO, emissions, as well as environmental monitoring metrics,
including average temperature, average humidity, and maxi-
mum temperature.

Finally, the HVAC system inventory was imported into Py-
thon and converted from Excel to the Neo4j environment. To
achieve this, the necessary brick:System nodes were first cre-
ated to represent the systems installed in the case study build-
ings. For each inventory row, a corresponding node was gener-
ated in the graph and labelled according to its type. Each node
was linked to its parent system through the brick:isPartof re-
lationship and to the space it occupies through the brick:has-
Location relationship.

The resulting KG, depicted in Figure 87 and Figure 88, en-
abled multi-level querying of energy and indoor environmen-
tal metrics, allowing information retrieval at varying levels of
granularity, from the entire building down to individual spaces.
For example, total energy consumption for a building during
the monitoring period can be retrieved using the Cypher query
shown in Figure 89, while the average temperature of a specific
space can be obtained using the query shown in Figure 90.
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Figure 87. Portion of
the KG representing
the spatial hierarchy
of the two complexes
analysed from the
portfolio to the storey
level.
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Figure 88. Portion of
the KG representing the
sensor hierarchy within
the main building of the
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MATCH (building:bot_Building {UID: 'building@l'})
MATCH (building)<-[:eko_hasAssociatedObject]-(kpi:btwin_KPISet)
WHERE kpi.UID CONTAINS 'energy'’
RETURN building.UID as BUILDING,
kpi.UID as KPI,
kpi as KPI_DATA

MATCH (building:bot_Building {UID: ‘building®l'})
MATCH (building)<-[:brick_hasLocation*]-(space:bot_Space)
MATCH (space)<-[:eko_hasAssociatedObject]-(spacekPI:btwin_KPISet)
WHERE spaceKPI.UID CONTAINS 'temperature’
RETURN building.UID as BUILDING,
space.UID as SPACE,
spaceKPI.UID as KPI,
spaceKPI as KPI_DATA

7.3.5 Data processing

At this stage of the workflow, the KG and the complementary
time-series databases were jointly queried to derive meaningful
indicators of building performance.

Specifically, the EBDB was interrogated to compute three

primary KPIs at the whole-building level. These are:

« Energy Usage (EU): Calculated by summing all interval
readings over the selected time period;

« Energy Cost (EC): Obtained by applying the corresponding
tariff rate to the total energy consumption derived from
the billing records;

« Equivalent CO, Emissions (CO,E): Estimated by multiplying
the energy usage by an appropriate emissions factor.

These KPIs can be aggregated over monthly, yearly, or cus-

tom-defined intervals and normalised to the building’s net
floor area or volume to enable comparative analysis. In parallel,
the IEDB was queried for processing microclimatic data, includ-
ing indoor and outdoor temperature and relative humidity, ob-
tained through sensor measurements. These data were aggre-
gated at the room level with an hourly resolution, enabling the
calculation of descriptive statistics, such as average, minimum,
and maximum temperature over the monitoring period or more
specific subperiods?.

After computation, all KPIs were instantiated as nodes with-

in the KG and classified under the eko:KPI class, grouped under

Figure 89. Cypher query
performed on Neo4j

to retrieve energy
consumption KPIs for a
building.

Figure 90. Cypher query
performed on Neo4j to
retrieve temperature-
related KPls for the
building's spaces.



Figure 91. Complete
KG for the two building
complexes analysed.
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btwin:KPISet nodes (Figure 91).

Each KPISet was then linked to the relevant spatial entity,
bot:Building or bot:Space, via the eko:hasAssociatedObject
relationship. This structure mirrors the underlying graph hier-
archy, which encodes spatial, building-to-meter, and sensor-to-
space relationships. The resulting integration allows seamless
navigation between high-level building metrics and individual
meter or sensor observations, thereby supporting multi-scale
performance analysis.
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7.4 Results and outcomes

The results of this process were made available through a web-
based application designed to support data visualisation and
enable users to perform customised queries to explore and ana-
lyse the building information.

Since interaction with the Neo4j graph database is not re-
stricted to users with expertise in graph technologies, the web
application was developed as a set of interactive dashboards,
providing a more intuitive interface for data exploration and
visualisation and thus allowing facility managers to visualise
data (Figure 92). Once data is linked in the KG, the app ena-
bles it to be extracted via custom query functions built on Neo4j
APIs and displayed in a series of charts and tables. The dash-
boards, developed according to Business Intelligence (BI) prin-
ciples, include:

+ A section where the model’s geometry can be viewed in 3D,
with spaces colour-coded according to their properties or
KPIs;

« A section displaying the building’s KPIs, via gauge charts
and other types of visualisations;

« A section showing time-series plots for more in-depth
analysis of the raw data fed into the platform. The plot up-
dates automatically in response to filter adjustments and
supports aggregation at yearly, monthly, daily, or hourly
resolutions, with statistical operators including minimum,
maximum, mean, and sum.

Each of these sections is equipped with dropdown menus
and other controls to filter the data by user request: e.g., se-
lecting a specific room or floor, choosing the property used to
colour the geometry, picking which KPIs to display, or applying
temporal and topological filters to the time-series.

Even in a simplified form, this visualisation approach proved
accessible to non-technical users, who provided feedback and
support in participatory processes to improve it.

Overall, this application demonstrated the methodological
flexibility of using semantic graphs for data integration in the
characterisation process of heritage buildings. By connecting
information on building topology, construction properties,
HVAC systems, and sensor data, the resulting KG established



Figure 92. Prototype
dashboard to access
and visualise data about
the main building of the
Capo di Bove complex.
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a holistic knowledge system capable of representing both the
physical and performance characteristics of the heritage asset.

The hybrid architecture, combining a KG with time-series
databases, demonstrated that static and dynamic data can co-
exist effectively within the same semantic environment with-
out overloading the graph. This approach aligns with broader
digitalisation trends in heritage management. It is particularly
well suited for extension into a Digital Twin (DT) framework, in
which static and dynamic data will be continuously integrated
and bidirectionally exchanged with the physical asset to opti-
mise its operational performance.

Graph networks offered several advantages over tradition-
al data structures. First, they made relationships explicit and
navigable, allowing complex queries that traverse the building’s
spatial hierarchy while linking it to sensor and performance
data. Second, they proved inherently extensible, as new classes
and properties can be incorporated without disrupting existing
datasets, thereby accommodating new types of information as
the building’s life cycle evolves. Finally, the ability to query and
visualise data across multiple scales fostered a deeper under-
standing of the interplay between fabric, environment, and use,
a key requirement for planning data-informed renovation strat-
egies. In the next chapter, the value of graph-based approaches
for data integration will be further extended to address mod-
el interoperability, demonstrating how the KG can interlink a
Building Information Model (BIM) with a Building Energy Mod-
el (BEM) and high-resolution simulation data.

& BeTwin
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Notes

* For instance, when examining the building envelope, researchers point to
significant uncertainties in determining thermophysical properties, largely
due to factors such as moisture presence and the heterogeneity of tradition-
al materials (Al-Addous and Albatayneh 2020). The development of non-de-
structive methods, such as infrared thermography (Patel et al. 2023; Takva
et al. 2025), led to the spread of tools capable of providing the critical pa-
rameters needed for energy diagnostics; however, these are not the only data
required for performance characterisation. In addition to physical measure-
ments, examining historical records, archival sources, and energy bills, and
carrying out geometric surveys and monitoring occupancy patterns and envi-
ronmental conditions (e.g., via sensors) are essential for developing compre-
hensive knowledge bases.

2 As the research progresses, this repository will form the foundation of a
more comprehensive database, designed to support thermal comfort and en-
vironmental performance assessments.



8. PERFORMANCE GRAPHS FOR DECISION SUPPORT IN
ENERGY MANAGEMENT

Abstract

As seen in the previous chapter, KGs serve as a powerful inte-
gration layer in modern digital services. This is not only for link-
ing different data types but also for connecting diverse models.

This section further advances the idea of graph-driven sys-
tem interoperability by demonstrating how KGs can effective-
ly bridge BIM and Building Energy Models (BEMs). Built on
previous research published in the article ‘Building Information
Modelling and Building Performance Simulation-Based Decision
Support Systems for Improved Built Heritage Operation’ (Massa-
fra et al. 2023), the text presents a graph-based workflow that
integrates Industry Foundation Classes (IFC) models with En-
ergyPlus (EP) simulation to form a knowledge system that en-
ables fine-grained, cross-domain analysis about energy needs in
university buildings.

The case study is the School of Engineering and Architecture
in Bologna, a rationalist, listed building designed in the 1930s
by the architect Giuseppe Vaccaro. This research was initially
developed during my doctoral studies at the Department of Ar-
chitecture, University of Bologna (2020-2024), and was subse-
quently continued within the ongoing Horizon Europe project
HERIT4AGES (Grant Agrrement No. 101123175), where the
building is serving as a demonstration site for testing the proj-
ect’s Digital Twin Ecosystem. Special thanks go to Prof. Riccar-
do Gulli for his guidance throughout this work, as well as to my
colleagues and friends who, over the past years, have worked on
this building, contributing to the creation of a highly detailed
data corpus that supported this research.
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8.1 Contextualisation and use case definition

Continuing the discussion within the ‘KGs for data integration’
thread, this chapter focuses on the use of graphs for manag-
ing high-granularity performance data coming from simulation
models. Unlike the preceding example, which, among other as-
pects, explored the linkage between BIM and sensor observa-
tions, this case introduces an additional layer of complexity by
integrating a BIM with Building Performance Simulation (BPS)
models?, specifically BEM. The aim is to demonstrate that KGs
can mediate not only between heterogeneous datasets but also
between digital models based on distinct data schemas, thereby
forming interoperable knowledge systems to support perfor-
mance-oriented decision-making, for instance, in energy man-
agement.

More specifically, the research presented in the following
text aims to prototype a digital workflow that connects a build-
ing IFC model, developed through the Topological BIM (TBIM)
procedure?, with a BEM directly derived from it. The interaction
between the two models, coupled with energy simulation runs,
enables the calculation of KPIs relevant to energy management
and the integration of all related data into a unified knowledge
system.

This system is made accessible via interactive dashboards
that visualise relevant data through graphical charts, offering
energy managers actionable insights, such as energy demand
per space, related operational costs, and carbon emissions. This
information apparatus enables comparative analyses across dif-
ferent spaces (helping determine intervention priorities) and
the detection of mismatches between planned occupancy and
resulting energy loads (thereby enabling adjustments to occu-
pancy schedules and system operation strategies).

In the workflow, KGs are mainly employed to resolve BIM-to-
BEM and BIM-to-BES interoperability challenges. This diverges
from traditional file-based exchange mechanisms between BIM
and BEM (such as IFC-to-gbXML), which have long been exam-
ined in the literature and are known to introduce data dupli-
cation and require repeated manual updates. KGs enable both
models to coexist within a unified environment. Each model
remains in its native data format, retains its specialised infor-
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mation, and allows data to be retrieved directly from the shared
ecosystem as emerging needs arise. A further implication of this
requirement is the integration not only of the models them-
selves but also of the dynamic simulation outputs generated by
EP. This is achieved through a hybrid architecture that pairs the
KG, which represents static relationships, with a time-series da-
tabase that directly stores time-series simulation data.

8.2 Case study: energy management of public assets

The case study selected for testing the research comes from the
Italian university building stock, a representative subset of as-
sets owned by local public administrations. University buildings
present, on the one hand, a distinctive functional diversity that
leads to complex interactions between users and energy needs.
On the other hand, they often exhibit architectural and cultural
value that must be safeguarded, meaning that, when physical
interventions are limited, energy-efficiency measures must rely
on operational and management strategies.

The management of these facilities is further influenced
by the structure of public administrations, which, in their var-
ious and often complex forms, face systemic constraints that
limit their ability to implement performance-driven, cost-op-
timal improvements. This limited capacity, combined with the
absence of adequate decision-support tools, frequently results
in inefficient use of public resources, making it difficult to as-
sess how assets are being utilised and to plan corrective actions
aligned with strategic objectives.

Within this broader context, the research examines the en-
ergy-related challenges affecting higher education buildings
during their operational phase. This focus is increasingly sig-
nificant, as in recent years universities worldwide have adopt-
ed ambitious targets for energy reduction and emissions con-
trol, prompting the introduction of numerous measures aimed
at lowering energy consumption (‘Massachusetts Institute of
Technology, From Plan to Action: MIT Campus Greenhouse Gas
Emissions Reduction Strategy, 2017 n.d.; ‘Queen’s University,
Queen’s University Greenhouse Gas Inverntory Report 2017,
2018’ n.d.; ‘University of West England, Carbon Management
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Plan 2013-2020 (Version: 03), 2017/ n.d.), including the instal-
lation of renewable energy systems, the refurbishment of age-
ing facilities, and the introduction of policies aimed at raising
user awareness and encouraging more energy-conscious behav-
iours.

In addition to these measures, other valuable (yet often over-
looked) strategies can significantly benefit university buildings,
such as flexible working arrangements and demand-driven con-
trol of building systems® (Mosteiro-Romero et al. 2023). Tools
capable of revealing the strategic impacts of such interventions
are increasingly essential for determining which actions to fund
and for optimising the allocation of technical and economic re-
sources across large building portfolios.

More specifically, the University of Bologna’s building stock
was selected as the portfolio-scale case study®. Within it, a
representative building-scale case study was identified as the
School of Engineering and Architecture in Bologna® (Figure 93).

Like many historic buildings, the facility has intrinsic fea-
tures that limit its potential for energy improvements. This
became particularly evident during the COVID-19 pandemic,
when the building, despite remaining unoccupied for several
months, still showed above-average heating consumption®. Its
substantial energy use, combined with highly variable occupan-
cy patterns that peak during teaching hours and drop sharply
during holiday periods, made it an ideal testbed for analysing
the relationship between occupancy and energy demand. Be-
cause the building was not equipped with sensors or Internet of
Things (IoT) devices — a condition typical of many public-sector
buildings — the study relied on BPS data, which were calibrated
against utility bills as documented below.
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Figure 93. Aerial
photography of the
School of Engineering
and Architecture of the
University of Bologna.

8.3 Methods and tools

8.3.1 Workflow articulation
The methodology adopted to pursue the research objectives is
organised into three main phases, described in the following
sections:

1. Data acquisition;

2. Data modelling;

3. Data processing;

4. Data integration;

5. Data analysis and visualisation.

8.3.2 Data acquisition
During the data acquisition phase, a comprehensive dataset was
collected to enable the development of an accurate dynamic en-
ergy model in EP. The dataset includes the following categories:
* Historical information: archival and bibliographic research
was carried out to reconstruct the building’s construc-
tion history, architectural characteristics, and subsequent
transformations from its original configuration to the
present day. These analyses build upon prior studies con-
ducted over the last years by the Department of Architec-
ture, University of Bologna, documented in previous pub-
lications (Predari et al. 2022).
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Construction information: material and construction data
collected across previous research projects on the same
building were consolidated. These include envelope and
structural material properties as well as typological cata-
logues of recurring construction elements.

Functional layout: architectural CAD drawings, digital sur-
veys, and space inventories were obtained from the build-
ing management office. These datasets were required to
define the building’s functional organisation and to sup-
port subsequent occupancy modelling activities.

« HVAC systems: information on the mechanical systems
serving the building (heated and cooled zones, ventilation
strategies, and control logic) was gathered through doc-
umentation provided by building managers and through
on-site discussions. Operational schedules and system set-
tings were also acquired to support simulation inputs.
Energy bills: electricity and thermal energy bills for the pe-
riod 2021-2023 were collected to calibrate the simulation
model against measured consumption data.

Occupancy data: occupancy schedules for all major spaces
were derived from the university’s asset management and
room booking systems. These records were combined with
data from the institutional learning platform to estimate
hourly attendance for each course throughout the academ-
ic year. For office spaces, typical occupancy profiles were
defined based on standard building opening hours.

83.3 Data modelling

Once acquired, all datasets were structured and integrated
within two digital models, which served as the primary refer-
ence sources for subsequent analyses: a BIM in IFC format and
a BEM in EP’s Input Data Format (IDF). The BIM model was
intended to provide a semantic and geometric framework for
linking all information. In contrast, the BEM was intended to
enable dynamic energy simulations and the computation of
performance indicators. An additional data source consists of
occupancy schedules, modelled in JSON format compliant with
the IDF to capture planned occupancy conditions at an hourly
resolution.



Figure 94. BIM
model of the School
of Engineering and

Architecture in Bologna.

Axonometric view, on
the left. Perspective
view, on the right.
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Building Information Modelling

The first model generated from the collected information was
the BIM model. It was created using the TBIM methodology,
ensuring that all information required for the energy analysis
was included.

The BIM model (Figure 94) was developed in Autodesk Re-
vit and then exported in IFC to include the following spatial
elements: spaces (IfcSpace), zones (IfcZone), and floors (Ifc-
BuildingStorey), as well as the following construction elements:
walls (IfcWall), slabs and roofs (IfcSlab), windows (IfcWindow),
and doors (IfcDoor).

The occupancy-, thermo-hygrometric-, and energy-related
properties were semi-automatically assigned to spaces follow-
ing the TBIM procedure, which consists of mapping each space’s
function and assigning the corresponding attributes to its func-
tional category (see Table 15). Subsequently, using the same
semi-automated process, thermo-physical and material proper-
ties were assigned to the opaque envelope components (walls,
roofs, and floors) and to the transparent components (doors
and windows) (see Table 16 and Table 17). Minor manual ad-
justments were made to specific object instances within Revit
before exporting the model to IFC.
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Property Name
Artificial Lighting

Equipment Power
Density

Illuminance

Is Cooled

Is Heated

Is Mechanically
Ventilated

Is Naturally
Ventilated

Is Occupied

Lighting Level

Lighting Power

Density

Mechanical
Ventilation Rate

Mechanical
Ventilation Rate Per
Person

Description

Indicates whether this space requires
artificial lighting (as natural lighting
would not be sufficient). (TRUE)
indicates yes (FALSE) otherwise.

The maximum electrical power input (in
Watts/m?) to using electric appliances
ina zone, including PCs, plotters,
elevators and other equipment, if
present.

Required average illuminance value for
this space.

Indicates whether this space requires
air conditioning (TRUE) or not (FALSE).
Indicates whether this space requires
heating provided (TRUE) or not (FALSE).
Indicates whether the space is required
to have mechanical ventilation (TRUE)
or not (FALSE).

Indicates whether the space is required
to have natural ventilation (TRUE) or
not (FALSE).

Indicates whether the space is
permanently occupied (TRUE) or not
(FALSE).

The maximum electrical power input (in
Watts) to lighting in a zone, including
ballasts, if present.

The maximum electrical power input (in
Watts/m2) to lighting in a zone,
including ballasts, if present.

Indication of the requirement of a
particular mechanical air ventilation
rate, given in air changes per haur.
Mechanical Ventilation Rate Per Person
standard value for mechanical
ventilation of spaces given by UNIEN
10339,

Quantity

Boolean

Power
Density

llluminance

Boolean

Boolean

Boolean

Boolean

Boolean

Power

Power

Density

Air Changes

Air Changes

Table 15. Space
properties within the
- BIM model.

Unit

W/m?

bool

bool

bool

bool

W/m?

L/spg
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Property Name

Mechanical
Ventilation Rate Per
Volume

Natural Ventilation
Rate

Occupancy Density
Operation

Occupancy Number

Occupancy Type

Space Humidity

Max

Space Humidity Min

Space Temperature
Summer Max

Space Temperature

Summer Min

Space Temperature
Winter Max

Space Temperature
Winter Min

Space Wind Load
Rating

Description

Mechanical Ventilation Rate standard
value for mechanical ventilation of
special spaces (e.g. toilets) given by UNI
EN 10335.

Indication of the requirement of a
particular natural air ventilation rate,
given in air changes per hour.

Design occupancy loading for this type
of usage assigned to this space
according to UNI EN 10338,

Number of people required for the
activity assigned to this space.
Occupancy type for the space object.

Max hurnidity of the space or zone that
is required from the user/designer
viewpoint

Minimum humidity of the space or zone
that is required from the user/designer
viewpaint

Maximum temperature of the space ar
zone during the hot (summer) period, as
required from the user/designer's
viewpoint.

Minimum temperature of the space or
zone for the hot (summer) period, as
required from the user/designer's
viewpoint.

Maximum temperature of the space or
zone for the cold (winter) period, as
required from the user/designer's
viewpoint.

Minimum temperature of the space or
zone for the cold {winter) period, as
required from the user/designer's
viewpoint.

Wind load resistance rating for the
windows and doors located in the
space. It is provided in accordance with
the national building code.

Quantity
Air Changes

Air Changes
Occupancy
Density
People

Count
Text

Relative

Humidity

Relative
Humidity

Temperature

Temperature

Temperature

Temperature

Text

Unit
b

pp/m*

PP

°C

°C

°C

°C
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Property Name  Description Quantity Unit properties automatically
Construction Name of the set of materials associated  IfcLabel - added to the interface
Name with walls, roofs, and floors, within the elements of the BIM
BIM model model (walls, slabs, and
Thermal Thermal transmittance coefficient (U- IfcThermalTran  W/m?K roofs).
Transmittance Value) of an element. smittanceMeas
ure
properyame oescton Gy u DR
Frame Material Material of the frame of the opening IfcLabel - apertures of the BIM
model (windows and

Glass Layers Number of glass layers within the IfcCountMeasure” - doors)

frame. E.g. “2" for double glazing,
Glass Thermal Thermal transmittance coefficient IfcThermalTrans W/m?K
Transmittance (U-Value) of the gas. mittanceMeasure
Glazing Area The fraction of the glazing area IfcMormalisedRati -
Fraction relative to the total area of the filling ~ oMeasure”

element.
Height Total outer height of the window IfcPositiveLength m

lining Measure"
Solar Heat Gain The ratio of incident solar radiation IfcMormalisedRati
Transmittance that contributes to the heat gain of oMeasure

the interior.
Thermal Thermal transmittance coefficient IfcThermalTrans W/mPK
Transmittance {U-Value) of the window. mittanceMeasure
Visible Light The fraction of the visible light that IfcMormalisedRati -
Transmittance passes through the object at normal oMeasure”

incidence. It is a value without a unit.
Width Total outer width of the window IfcPositiveLength ~ m

lining. Measure”

Building Energy Model

Table 16: Thermal

After generating the BIM, the focus shifted to developing the
BEM. To create the BEM, an IDF model of the building was
produced from the previously described BIM model, following
the procedure detailed in an earlier publication (Massafra and
Gulli 2023). This workflow employs Visual Programming tools
(Grasshopper, Rhino.Inside, and Ladybug Tools) as intermedi-
aries between BIM and BEM.
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The resulting model included all the data needed to run EP
simulations. This information covered zone-related param-
eters, such as occupancy (area per occupant, maximum num-
ber of occupants, occupancy types, and occupancy schedules),
geometric characteristics (area, volume, height, and shape),
and space conditioning and lighting requirements (tempera-
ture and lighting setpoints, lighting power density, equipment
power density, lighting schedules, ventilation rates, and HVAC
schedules). It also incorporated the material and thermal prop-
erties of opaque surfaces (material layers, conductivity, thermal
transmittance, and volumetric heat capacity) and transparent
surfaces (U-value, solar heat gain coefficient, and visible trans-
mittance).

Occupancy schedules
The HVAC and occupancy schedules were generated using a
Python script, supported by Ladybug Tools, and exported as
CSV files’. These schedules were then linked to the BIM and,
consequently, to the BEM through UIDs corresponding to zone
names (Figure 96).

Simulation time-series
After linking the schedules to the BEM, the simulations were
run.

To prepare for the energy simulation in EP, the simulation
settings were configured using components from Ladybug
Tools in Grasshopper. These settings included the simulation
timestep, simulation period, selected output variables, shadow
calculation method, and other relevant parameters.

The energy model was calibrated by comparing the average
actual annual energy consumption reported on energy bills
from 2021 to 2023 with the simulated results for the entire
building?®.

The simulation output consisted of a CSV file containing
hourly data for each building zone. Each data point represented
the value of a specific variable for a particular hour of the year
and a specific zone. In total, EP produced 3,723,000 observa-
tions, corresponding to 85 zones x 8,760 hours x 5 quantities
(heating energy demand, cooling energy demand, lighting ener-
gy demand, equipment energy demand, and occupant count,).
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Locali (1)
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dtu_HBZone
dtu_HBZone_bidgPragram
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dtu_ HBZone Schedule Occupancy
diu_HBZone_Schedule_Activity
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Figure 95. BEM

model of the School

of Engineering and
Architecture in Bologna.

Figure 96. At the top,
the Occupancy Schedule
ID is associated with
Revit's Spaces. At the
bottom, the schedule
CSV file.



Table 18. KPIs
calculated from
simulations for each
building zone.

Performance graphs for decision support in energy management

8.3.4 Data processing

The simulation data were used to calculate specific energy-relat-
ed KPIs for each zone in the building. To do this, a Python script
read the hourly EP output variables for each zone, converted
them to the required units, and aggregated them to yearly val-
ues. These yearly values were then used to produce KPIs at two
levels: per zone and for the entire building.

Four KPI sets were defined: Energy, Cost, Environment, and
Occupancy. Across these sets, five KPIs were included: Natural
Gas Demand and Electricity Demand® (Energy KPI set), Energy
Cost™® (Cost KPI set), Equivalent CO, Emissions'* (Environment
KPI set), and Occupancy Rate'? (Occupancy KPI set). Table 18
summarises the KPIs and provides their definitions.

KPI Name Quantity Unit KPlSetName  Description

NaturalGas  Naturalgas  smc/m’ Energy The volume of natural gas

Demand volume required for heating the
Zone.

Electricity Energy kWh/m? Energy The amount of electrical

Demand energy needed to operate
the space.

coz coz kgCO2eq/m*  Environment The CO2-equivalent

Emission equivalent emissions resulting from
energy consumption.

Energy Cost  Expenses EUR/mM® Cost The cost associated with
energy consumption,

Occupancy Occupancy  pp Occupancy The average number of

Rate density people within the room

during occupation time
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83.5 Data integration

Semantic alignment

At the end of the data processing phase, the following data were
available: the BIM, the BEM, and the simulation data (in the EP
output CSV format).

According to the Federated Ontology Framework (FOF)
presented in Chapter 3, semantic alignment was established
between the classes, objects and information contained in the
models and the time series file. In particular, a subset of ontol-
ogy concepts was adopted, particularly from BOT and the Brick
Schema, as presented in Figure 97. The corresponding semantic
attributions and mappings are reported below.

Figure 97. The subset

/——w of the FOF used for
hasDocument mapping the case study
relatedScenario domain.

11
1

Pi

Buildin

haskPls

Storey Energy Zone

has

AssociatedObject hasCalculation

g
@
&
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interfaceOf

interfaceOf
ha Output hasinput.
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top:connactsTo,
Aperture
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Interface Module
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The spatial hierarchy supporting this application is defined
as follows:

+ bot:Site identifies the area containing the building;

* bot:Building denotes the individual building;

+ bot:Storey refers to a floor within the building;

* brick:Energy_Zone defines groups of spaces forming ther-

mally uniform zones, as required for energy modelling;

+ bot:Space corresponds to individual rooms.

All these entities are semantically connected through the
brick:hasLocation relationship, which defines their hierarchi-
cal and spatial interdependencies.

The interface elements, namely those elements that delimit
spaces, are modelled as follows:

« top:Interface: includes walls, slabs, and roofs;

« top:Aperture: includes windows and doors.

The top:Interface entities are connected to bot:Space
through the bot:isInterface relationship, while top:Aperture
entities are linked to top:Interface via the top:connectsTo re-
lationship.

Finally, the performance hierarchy provides a structured rep-
resentation of all performance-related information. Energy
metrics are defined as eko:KPI objects, each representing a spe-
cific key performance indicator derived from time-series data.
These KPIs are aggregated into btwin:KPISet entities, which
group related indicators computed for each brick:Energy_Zone.
The relationship eko:hasAssociatedObject links every btwin:K-
PISet to its corresponding zone and to the building, ensuring
that each performance metric is contextually anchored within
a spatial element.

Data serialisation
To enable seamless data integration, all information was seri-
alised in accordance with the FOF using JSON-LD format. The
translation of native data into this ontology-compliant schema
was achieved through a suite of BTwin connectors, each de-
signed to transform domain-specific constructs into JSON en-
tities aligned with the ontology.

The IFC connector, built on IfcOpenShell, parsed IFC files to
extract buildings, storeys, spaces, and their associated proper-
ties, and subsequently generated the corresponding JSON-LD
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graph objects. Conversely, the IDF connector enabled the map-
ping of brick:Energy_Zone entities. Table 19 summarises the
class alignment performed between the FOF and the BIM and
BEM models.

In addition, another connector was implemented to process
the outputs of the energy simulations (CSV file), converting
them into entities compliant with eko:KPI and btwin:KPISet
classes. Each KPI set was serialised in accordance with the previ-
ously described semantic rules and linked to its corresponding
zone.

Generating the knowledge graph

Using the BTwin toolkit, a Neo4j-labelled property graph (LPG)
was developed by integrating static information from the mod-
els with dynamic datasets derived from the simulations.

At the highest level, the spatial hierarchy was automatically
generated by the IFC connector, which extracted the ifcBuild-
ing, ifcBuildingStorey, and ifcSpace entities from the build-
ing’s IFC model, along with their relationships. Conversely, the
IDF connector enabled the creation of nodes representing ther-
mal zones, corresponding to Zone elements in EP*2.

Additional btwin:Document nodes were generated for each
key file associated with every building, including the IFC, IDF,
and EP output file. Each document was uniquely identified by its
file path and linked to the corresponding building it described
and to a fictional kpi:Scenario, representing the current sce-
nario for the building.

The EP connector was then employed to process simulation
outputs under dynamic conditions, aggregating results at the
zone level and deriving project-specific KPIs.

The resulting LPG enabled multi-level querying of energy
and occupancy metrics, supporting information retrieval at
multiple granularities — from the entire building down to in-
dividual thermal zones. For example, the spatial hierarchy can
be navigated to determine which spaces are contained within
zones (Figure 12), or the energy needs of a specific zone can be
obtained through the Cypher query shown in Figure 99.

Below are some representative figures depicting the result-
ing KG (from Figure 100 to Figure 103).



Table 19. Alignment
between the FOF and
the BIM and BEM
classes.

Figure 98. Cypher query
performed on Neo4j

to retrieve the spaces
contained in the zones
of the building.

Figure 99. Cypher query
performed on Neo4j to

retrieve energy-related

KPIs of zones.
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FOF BIM (Revit)
Bot:Building Building
Bot:Storey Level
Bot:Space Space
Brick:Energy:Zone Zone
top:Face Wall, Roof, Floor

top:Aperture

Door, Window

BIM (IFC)
IfcBuilding
IfcBuildingStorey
IfcSpace
IfcZone
IfcWall, IfcSlab

IfcDoor, IfcWindow

BEM (IDF)
Building

Zone
BuildingSurface

FenestrationSurface

MATCH (building:bot_Building {UID: 'building@2'})

MATCH (building)<-[:brick_haslocation]-(zone:brick_Energy Zone)
MATCH (zone)<-[:brick_haslLocation]-(space:bot_Space)

RETURN building.UID as BUILDING,

zone . UID as ZONE,
space as SPACE

MATCH (building:bot_Building {UID: 'buildinge2'})
MATCH (building)<-[:brick_hasLocation*.. ]-(zone:brick_Energy_Zone)
MATCH (zone)<-[:eko_hasAssociatedObject]-(zoneKPI:btwin_KPISet)
MATCH (zoneKPI)-[:kpi_relatedScenario]-»>(scenario:kpi_Scenario)

WHERE zoneKPI.UID CONTAINS "energy«

RETURN DISTINCT
building .UID AS BUILDING,
zone. UID AS ZONE,
zoneKPL.UID AS KPI,
zoneKPI AS KPI_DATA,
scenario.UID AS SCENARIO
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. bot_Building 1 3 s BRICK_HASLOCATION
. bot_Space 555 20 ~———  BTWIN_ISDOCUMENTOF
. bot_Storey n i Blsnanis 1 ~———  EKO_HASASSOCIATEDOBJEC

Figure 100. Neo4j
integrating the spatial
and performance
hierarchy for the whole
building. Nodes and
edges are coloured
according to their
semantic labels.



. bot_Building

. brick_Energy_Zone
. btwin_Document
. btwin_KPISet

kpi_Scenario

Figure 101. Portion

of the KG created for
the demonstration
explaining the
relationship between
the spatial and
performance hierarchy.
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=== EKO_HASASSOCIATEDOBJECT

BRICK_HASLOCATION

BTWIN_ISDOCUMENTOF
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. bot_Building

. brick_Energy_Zone

BRICK_HASLOCATION

143

Figure 102. EnergyPlus
IDF model of a part of
the case study building
and corresponding
spatial hierarchy in the
Neosj graph.



Figure 103. IFC model
of a part of the case
study building and
corresponding spatial
hierarchy in the Neo4;j
graph.

. bot_Building
. bot_Space
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1 . bot_Storey
66 . brick_Energy_Zone

m—  BRICK_HASLOCATION
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8.4 Results and outcomes

Building upon this data storage system, a set of interactive
dashboards was developed to visualise these KPIs directly on
the building’s 3D geometry. This interface allows users to ex-
plore energy performance across different levels of detail, by
storey, zone, or space. Within the dashboards, users can query
the KG intuitively, for example, to identify spaces with the high-
est energy demand per square metre or to compare energy costs
among different zones (Figure 104).

The analysis focused in particular on classrooms, which were
considered the most representative spaces within the building
for investigating relationships between energy and occupancy.
To enable comparison across different spaces, a k-means clus-
tering algorithm was applied to group classrooms by floor area
and peak occupancy (Figure 105)*. This clustering facilitated
the visualisation of KPIs by cluster, as shown in the figures be-
low.

The simulation results were visualised on a zone-by-zone
and day-by-day basis to enable further analysis. For example,
a detailed examination of a typical winter day revealed a strong
correlation between heating demand and occupancy levels (Fig-
ure 106).

In some classrooms, occupancy peaks coincided with almost
negligible heating demand, suggesting that occupancy-driven
control strategies could help maintain satisfactory indoor ther-
mal conditions while avoiding unnecessary heating, thereby
reducing operational costs. Conversely, during the summer pe-
riod, peaks in external temperature coincided with maximum
occupancy levels. Under these conditions, allocating classrooms
with lower solar gains for activities occurring during peak hours
becomes essential to mitigate thermal discomfort and reduce
cooling energy consumption.

Cluster-level analysis also helped identify outliers and rank
spaces according to economic or environmental KPIs (Figure
107). For instance, some medium-sized classrooms displayed
disproportionately high heating demand, suggesting possible
inefficiencies in occupancy scheduling.
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Figure 106.

Visualisation of hourly
heating demand for
some classrooms on
the specified date

and time. Data are
coloured according to
the clusters identified in
Figure 105.

Figure 107. Total
emissions for each
classroom during the
analysis day. Data are
coloured according to
the clusters identified in
Figure 105.
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Overall, this use case extended the methodological frame-
work presented in the previous chapters by demonstrating how
KGs can facilitate interoperability across different modelling
environments and how hybrid data architectures can serve as
the knowledge bases of modern decision support systems by
managing both static and dynamic data.

In the application, KGs were not merely repositories of geo-
metric data or tools for spatial analysis; instead, they functioned
as comprehensive data hubs linking schedules, simulation out-
puts, and performance indicators. This ability to represent
relationships across multiple domains (geometry, topology,
construction, and performance) at different scales is essential
for performance-based building management. The advantage
of using simulated data was the possibility of obtaining fine-
grained analyses, certainly less precise than those based on sen-
sor data, but more extensive across the whole building. In this
context, each stakeholder, depending on their specific role and
responsibilities, can access data at different levels of granularity
to support informed decision-making.

In the following chapter, the methodology introduced here
will be further developed, presenting a workflow that employs
graphs for both spatial analysis (safety graphs) and interopera-
bility (between BIM, BEM, and BSM). Moreover, this next stage
extends the use of graphs beyond spatial dimensions to include
temporal scales, introducing the concept of ‘temporal graph’ for
scenario modelling in support of what-if decision-making.
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Notes

* Building performance simulation is the field concerned with reproducing and
forecasting various aspects of a building’s behaviour through computer-based
mathematical models grounded in physical principles and engineering meth-
ods. It is a rapidly evolving discipline, characterised by active research, contin-
uous development, and growing adoption in professional practice. (de Wilde
2023)

2 As outlined in the previous chapter, TBIM offers a modelling approach that
differs from traditional, product-focused BIM methods. Instead of depicting
buildings through detailed construction elements, it represents them as as-
semblies of spatial units. This transition toward a space-oriented, topological
model results in representations that are lightweight in geometry but rich
in semantic content, making them particularly suitable for integration into
Building Performance Simulation (BPS) processes. For further details, see the
article titled “Topological BIM for Building Performance Management.” (Mas-
safra et al. 2024)

% The energy usage and intensity of buildings on a higher education campus
are influenced by several factors, including the climate, building systems,
construction type, but also occupancy conditions (Wadud et al. 2019). Occu-
pancy variables, such as the presence of students and staff members and the
activities they do, can significantly impact energy consumption. For example,
Gui et al (Gui et al. 2021), in ‘Reducing university energy use beyond ener-
gy retrofitting: The academic calendar impacts’, showed how the academic
calendar, which regulates the occupancy condition of campus buildings, de-
termines their energy consumption in Australian universities. In contrast,
Mosteiro-Romero et al. (Mosteiro-Romero et al. 2023) demonstrated how
demand-driven building system controls can save energy in university offices
and how such strategies are important to adapt building use to climate change
in summer conditions in Singapore.

*In terms of size, the Alma Mater manages roughly one million square metres
of floor area, making it the largest public property holder in the Emilia-Ro-
magna region, and accommodates over 80,000 people, a population compara-
ble to that of a mid-sized Italian provincial city.

° Constructed between 1932 and 1935, it is among the earliest 20th-century
buildings to be officially listed in the city (Gulli and Predari 2018; Predari et al.
2021). Recognised as a notable example of local rationalist heritage, it stands
out for its use of industrial systems and materials, innovative finishes, and
absence of ornamentation. Covering 19,200 m” of net floor area across four
levels, the building can host up to 5,000 occupants with approximately 2,500
students using the facility five days a week for eleven months each year.

6 During that period, a noticeable decrease in building occupancy was ob-
served, resulting in many spaces remaining unoccupied for several months, as
demonstrated by the evident reduction of domestic hot water consumption.
However, there was no corresponding decrease in natural gas consumption
for heating, which remained similar to pre-COVID years, indicating a critical
mismatch between energy demand and space usage.

7 The number of students attending each course was determined using Uni-
versity Planner, a publicly available service that provides university sched-
ules, including the time, classroom, and course for each lesson. The expected



occupancy for each class was estimated by counting enrolled students in the
University’s Virtual Learning Environment. For other functional areas (e.g.,
research and administration offices), occupancy profiles were defined by
adapting ASHRAE schedules to the university’s working hours. In total, 38
distinct schedules were considered, covering classrooms, offices, food servic-
es, circulation spaces, support spaces, housing, and laboratories.

8 For the analysis, it was assumed that each zone was equipped with thermo-
stats. The heating setpoints were set to 20 °C from 7:00 a.m. to 8:00 p.m.,
and 16 °C during the night. Lighting was assumed to remain on continuously
from 8:00 a.m. to 8:00 p.m., while occupancy was set to the planned num-
ber of people based on the university’s applications. Mechanical ventilation
was not considered because the building relies on natural ventilation. Cool-
ing was included only for offices, since most classrooms and other spaces are
not equipped with cooling systems. Office cooling was assumed to be active
during summer occupancy periods, with a setpoint temperature of 26 °C. A
similar approach was adopted for lighting, using a setpoint of 300 lux, and for
equipment usage, both of which were aligned with occupancy schedules. The
natural ventilation rate was assumed to be 0.3 air changes per hour, based
on Semprini et al. (Semprini et al. 2016), derived from an energy audit of
the same building conducted in 2016. Natural ventilation schedules were also
synchronised with occupancy schedules.

° Energy needs were calculated by aggregating and summing the observations
for lighting electricity, total cooling energy, equipment electricity for the elec-
trical component, and total heating energy for the gas component. Likewise,
the KPIs related to overall energy demand were derived by aggregating these
observations.

0 For cost estimation, the energy data were multiplied by the unit prices for gas
and electricity from the building’s utility bills for 2022-2024, yielding 0.054
EUR/kWh for gas and 0.159 EUR/kWh for electricity. The conversion from
standard cubic metres (Smc) reported in the bills to kilowatt-hours (kWh) for
natural gas was performed using a conversion factor of 10.69, which accounts
for the gas’s calorific value.

™ Greenhouse gas emissions were estimated using conversion factors of 0.49
kg CO,eq/kWh for electricity and 0.25 kg CO,eq/kWh for gas, in accordance
with the emission coefficients provided by the International Energy Agency
(IEA).

2 The occupancy rate was calculated as the average occupancy for each zone,
expressed as a percentage (0 = unoccupied, 1 = fully occupied), based on the
occupancy schedules defined in the energy model.

3 The containment relationship between spaces (from the BIM) and thermal
zones (from the BEM) was automatically established through a connector de-
veloped using Topologicpy APIs. This connector uses a set of custom functions
to determine which spaces belong to which zones - a process made possible
by the fact that both models share a common coordinate reference system.

4 Cluster A comprises classrooms with an area of less than 80 sqm and accom-
modating up to 50 people, representing the smaller-sized classrooms in the
building. Cluster E consists of classrooms with an area larger than 190 sqm
and accommodating up to 175 occupants, representing larger classrooms.
Cluster B includes classrooms with an occupancy range of 80 to 120 people



and an area between 100 and 150 sqm. Cluster C contains classrooms with an occupancy range of
125-150 people and an area of 100-120 sqm. Lastly, Cluster D represents classrooms with an occu-
pancy range of 140 to 150 people and an area between 160 and 180 square meters.



9. SCENARIO GRAPHS FOR MULTICRITERIA DECISION MAKING

Abstract

Shifting toward digital, performance-oriented management re-
quires not only seamless data integration but also the develop-
ment of systems that actively support strategic decision-mak-
ing.

One technique well suited to this purpose is scenario analy-
sis, which consists of modelling and simulating hypothetical in-
tervention scenarios to identify those with the most beneficial
impacts on management. This approach, particularly valuable
in complex systems where decisions produce interrelated conse-
quences, introduces a temporal dimension into data governance
that requires organising and processing information not only
about past conditions, but also about the current and potential
future states.

As the final demonstrative chapter of the book, this contri-
bution presents a scenario-modelling workflow that integrates
BIM (Building Information Modelling), BEM (Building Energy
Modelling), and BSM (Building Safety Modelling) data within
a Knowledge Graph (KG) framework to evaluate the impacts of
occupancy management on both energy demand and occupant
safety across different scenarios.

The work extends the case study introduced in Chapter 6 and
builds upon research conducted within the DIGITMAN project
(PRIN 2022 programme, ID 2022JMRX2A), whose components
are here thanked: Marco D’Orazio, Gabriele Berardini, and Gui-
do Romano (Universita Politecnica delle Marche), Graziano Sal-
valai, Manuela Grecchi, and Roberto Villa (Politecnico di Mila-
no), Giorgia Predari and Riccardo Gulli (Universita di Bologna).
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9.1 Contextualisation and use case definition

This chapter concludes the demonstrative part of the book by
presenting the case study with the highest level of data-man-
agement complexity. The two preceding chapters applied the
methodological foundations of Buildings as Networks to differ-
ent contexts — respectively, integrating BIM with sensor data
(Chapter 6) and coupling BIM with BPS data (Chapter 7) - to
monitor and assess the performance characteristics of selected
buildings. Here, the focus shifts from retrospective analyses of
historical data to forward-looking temporal graphs that support
multi-criteria decision-making; in other words, from monitor-
ing to prediction.

The objective of the work is threefold. First, the chapter
demonstrates how a KG approach can combine static BIM data
with both energy and safety simulations to evaluate the impacts
of occupancy management actions. Second, it illustrates how to
manage data under diverse hypothetical temporal conditions
within a predictive framework, extending the temporal dimen-
sion from past time-series data to projected what-if scenarios.
Third, it shows how two distinct uses of graphs can coexist
within the same workflow: the topological/spatial function (in-
troduced in Chapters 5 and 6) and the data-integration function
(presented in Chapters 7 and 8).

Furthermore, unlike previous case studies that focused on
single domains, this chapter demonstrates the scalability of the
proposed methodology across multiple disciplines. In particu-
lar, it introduces an integrated workflow for analysing three key
aspects of building management, i.e. occupancy, energy, and
safety.

In this study, all objectives converge on the development of
a decision-support system (DSS) conceived within the DIGIT-
MAN project, designed to enable what-if simulations based on
a multicriteria logic. The DSS, equipped with a user-friendly
dashboard, allows users to select buildings and alternative oc-
cupancy scenarios and to visualise their respective impacts on
both energy performance and safety. The system is specifically
tailored to support long-term what-if analyses, enabling users
to compare hypothetical interventions — such as timetable ad-
justments or the re-functionalisation of spaces — and to under-
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stand their managerial implications.

Graphs are employed in this research to address two key
challenges. The first concerns the need to correlate spatial and
construction elements with performance metrics across mul-
tiple analytical scenarios, accommodating different levels of
granularity — from the overall building scale to energy zones,
fire compartments, individual spaces, and even single door
components. The second challenge lies in overcoming interop-
erability barriers between BIM, BEM, and BSM models, thereby
enabling the federation of multiple specialist models within a
single, coherent knowledge system. A direct implication of this
approach is the ability to manage not only a single operational
condition but also multiple hypothetical ones, each represent-
ing a distinct management scenario.

The key contribution of this work is an open-source work-
flow that first converts BIM models into interoperable energy
and safety models, then links them into a single knowledge base
via a series of graph transformations.

9.2 Case study: occupancy management in higher education
buildings

The demonstrative application focuses on the Lecco campus of
the Politecnico di Milano, already introduced in Chapter 6. Spe-
cifically, it examines two multi-storey buildings that are physi-
cally connected at the first-floor level — meaning that the ener-
gy performance and safety conditions of one directly influence
those of the other. The buildings accommodate classrooms,
study areas, and supporting facilities and are occupied daily by
students, researchers, and academic staff in accordance with the
university timetable.

Their continuous use and high occupancy variability make
these buildings particularly suitable for exploring the interrela-
tionships among spatial configuration, energy demand (as dis-
cussed in Chapter 8), evacuation safety, and occupancy-based
performance assessment.
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9.3 Methods and tools

9.3.1 Workflow articulation
The methodology adopted to pursue the research objectives is
organised into three main phases, described in the following
sections:

1. Data acquisition;

2. Data modelling;

3. Data processing;

4. Data integration;

5. Data visualisation and microservice development.

9.3.2 Data acquisition

The data acquisition phase, conducted by the research team at
Politecnico di Milano as part of the DIGITMAN project, relied
on the retrieval and examination of documentation provided by
the property managers. In addition to the information collected
about the case study for modelling fire-safety aspects, already
discussed in Chapter 6, further data were obtained to support
the energy-modelling process, including:

+ Geometric, material, and performance characteristics of
the envelope systems, acquired through technical data
sheets describing the installed construction components;
Technical documentation and related information on the
mechanical systems, mainly consisting of air-handling
units responsible for heating, cooling, and ventilation;
Historical data about energy consumption for HVAC, pro-
vided to supply detailed information on actual energy con-
sumption for the main environments;

+ Temperature and humidity data, acquired by sensors in
some representative rooms, employed to calibrate the en-
ergy model.



Figure 108.
Methodological
overview.
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9.3.3 Data modelling
All collected data were then used in the data-modelling phase,
which involved developing three main models:

« The Topological BIM (TBIM), provided in IFC format, de-
fined the hierarchical and topological structure of the
building.

« The Building Safety Model (BSM), in the Topologic JSON
format, enables the performance of safety checks, as de-
scribed in Chapter 6.

« The Building Energy Model (BEM), in EnergyPlus IDF for-
mat, supports energy simulations aimed at assessing the
energy requirements of the spaces and their relationship
to occupancy metrics.

The processes used to generate the TBIM and BSM for this
case study have already been detailed in Chapter 6, specifically
in Section 6.3.3. In addition, the following paragraphs describe
the BIM-to-BEM conversion process applied in this context, as
well as the subsequent modification of the BSM and BEM files
for scenario modelling. Figure 108 provides a high-level over-
view of the workflow structure.

Topological BIM

The first step of the data-modelling phase involved developing,
for each building, the Topological BIM (TBIM) model, whose
process was already introduced in Section 6.3.3. Into this model,
all the information required for fire-safety modelling was incor-
porated. Likewise, all data necessary for the energy-modelling
activities were integrated according to the datasets reported in
Chapter 6.

PHASE 2

BIM-to-BEM ) -BEM Energy simulatien

y
Multicriteria
analysis

h

Safety checks

i BIM-to-BSM
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Building Safety Modelling

The BSM generation process consisted of a BIM-to-BSM work-
flow that converts the IFC model into three Topologic graphs
representing the building’s evacuation system. When com-
bined, these graphs form the BSM, a comprehensive analytical
framework for conducting safety assessments. This process was
previously detailed in Section 6.3.3.

Building Energy Modelling
The BIM-to-BEM conversion was performed using a Py-
thon-based algorithm that aligns the element classes and prop-
erties defined in Topologic and IFC with those of Ladybug Tools
- through the Honeybee (HB) APIs (Ladybug Tools 2025) — and
EnergyPlus (EP) - via the Eppy library (Philip 2020). The BIM-
to-BEM process, depicted in Figure 109, is explained below.

The main steps followed in the BIM-to-BEM process were:

+ Zoning and geometric definition

« Setting boundary conditions

+ Characterization of constructions and openings

+ Context and shading modelling

+ Definition of simulation parameters

« Infiltration modelling

+ Schedule definition

« Integration of operational data

+ Weather data input

Zoning and geometry. The first step in the BIM-to-BEM con-
version process involved zoning and geometry processing. To
achieve this, the Cells of the TBIM (in the Topologic JSON for-
mat) were aggregated into Cluster objects, each representing a
thermal zone within the BEM!. Once the zones were defined,
aggregation functions were applied to transfer energy-related
parameters from the individual cells to the corresponding ther-
mal zones. Subsequently, by integrating TopologicPy with the
HB APIs, the Topologic Face objects were converted into HB
Faces, and the Topologic Aperture objects into HB Apertures.
For each thermal zone, these HB entities were then passed to
the HB Room method, generating the energy zones that together
constitute the base HB Model. Results of the zoning process are
depicted in Figure 110.
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Boundary conditions. After generating the HB Model, the
boundary conditions of the HB Faces that constitute the mod-
el (i.e. outdoor, adiabatic, and ground) were automatically com-
puted (Figure 111). Subsequently, the faces of the building that
were adjacent to other buildings are manually set to adiabatic.

Figure 110. BEM model
of Building 10. Faces
coloured by zone.

NHame: extVerFacesl-zoneld
Thermal Zome: zemeld

Figure 111. BEM model
of Building 10. Faces
coloured by boundary
condition (red: adiabatic,
blue: outdoors, yellow:
ground).
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Construction characteristics and openings. Construction data
were first added to the base HB Model (Figure 112). The prop-
erties of the opaque envelope were extracted directly from the
IfcMateriallayerSets associated with IfcwWall and IfcSlab en-
tities in the IFC model, retrieving the thickness, conductivity,
density, and specific heat of the IfcMaterials composing each
layer set. These IfcMaterials were then converted into HB En-
ergyMaterial objects, subsequently combined into HB Opaque-
Construction assemblies. Next, the thermal characteristics of
the building apertures were transferred to the corresponding
HB Model’s components. Glazing-related data — such as thermal
transmittance, solar heat gain coefficient, and visible transmit-
tance — were extracted from the IfcWindowType and IfcDoorType
entities in the IFC model and converted into HB WindowCon-
struction and HB Door objects, respectively.

Context shadings. To simulate shade effects on the model,
context elements that cast shadows on the building (e.g, vege-
tation, surrounding buildings, shading systems) were modelled
within a 3D modelling environment, exported as BRep entities,
converted into Topologic Faces, and then linked to the BEM as
HB Shade elements (Figure 113).

Simulation parameters. The simulation parameters were then
configured through Eppy. These include the simulation run pe-
riod, the shadow calculation method, the daylight saving calcu-
lation method, and the output variables, which refer to the KPIs
to be analysed through the simulation (i.e., zone heating and
cooling energy, zone electric energy for lighting and equipment,
and zone people occupant count). The HB Model, enriched with
this information, was exported as an IDF file. From this point
onwards, additional information was assigned to the IDF using
the Eppy library.

Infiltration. The infiltration rate of the building was set in
the IDF by assigning a ZoneInfiltration:DesignFlowRate object
to each building zone in Eppy?.

Schedules. Input schedule data was sourced from JSON files
containing schedules, formatted as required by the HB APIs for
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Figure 112. BEM

model of Building 09.
e Faces coloured by

construction type.

Hama: dntVarfacel0l-zenadt
- Haza: Wi |

Figure 113: IDF models
of the selected pilot site
and context shadings.
Building 10 on the

top, Building 09 on the
bottom.
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modelling ScheduleRulesets. A Python function was then creat-
ed to transform this data into an IDF Schedule:Compact objects.
The schedules here considered include fraction types, such as
occupancy schedules (occupancy density in each zone for every
hour of the year) and lighting and equipment schedules (per-
centage of power usage for lighting and equipment per hour)
and boolean types, such as the availability schedules for heat-
ing, cooling, and ventilation systems®.

Operational data. Static operational data were instead trans-
ferred from the IFC to the IDF. Occupancy data, assigned zone
by zone to IDF People elements, included people per floor area
in operational conditions and the corresponding schedules.
Lighting data, assigned instead to IDF Lights objects, consists
of the electric power density of lighting devices and relative
schedule names. Similarly, equipment data, assigned to IDF
ElectricEquipment objects, includes the electric power density
used by electrical appliances and relative schedules. Instead,
thermal and humidity control data are assigned to IDF HVACTem-
plate:ZoneIdealloadsAirSystem objects. These include temper-
ature and humidity setpoints, related schedules, and HVAC sys-
tem availability schedules. Finally, ventilation data are assigned
to DesignSpecification:OutdoorAir objects, which specify the
method for calculating outdoor air changes and the outdoor air-
flow per person and per zone floor area.

Weather data. Climatic data were input into the BEM using
the EnergyPlus Weather (EPW) format. In this case, air tem-
perature, relative humidity, atmospheric pressure, wind speed,
wind direction, and global solar radiation data collected from
a weather station close to the analysed building over the last
three years were used (Figure 114).
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Relative numidity (%)
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Figure 114: Daily chart
with temperature and
9.3.4 Data processing humidity values. EPW

After generating the baseline models, they were processed to ?23:‘@2;;;8 5,%'5”;,)
obtain valuable performance data. The data-processing phase

comprised several sub-steps: BEM calibration, needed to ensure

that the BEM accurately reproduced the measured operational

behaviour; scenario modelling, in which alternative configura-

tions and boundary conditions were defined; and execution of

the simulations, through which the resulting performance indi-

cators were computed.

BEM calibration
The BEM calibration was carried out to ensure that the model
accurately represents the building’s thermal behaviour by mini-
mising discrepancies between predicted and measured data.
Because detailed energy consumption data were not availa-
ble at the building or zone level - but only at the campus level
— the calibration was conducted by comparing sensor tempera-
ture readings with simulated indoor temperatures in a couple
of classrooms equipped with a sensor network by the POLIMI
group®. The calibration involved iteratively modifying temper-
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ature setpoints and operational schedules for both the heating
and cooling seasons to achieve the closest match between simu-
lated and measured indoor temperatures.

The comparison between real and simulated data was con-
ducted using several statistical indicators, both standard (Mean
Squared Error, MSE, and Root Mean Squared Error, RMSE®)
and customised (Mean Temperature Difference in the Week,
MTDW). Four representative weeks were analysed - winter,
summer, spring, and autumn - selected from the EPW climatic
dataset.

Model debugging and parameter adjustments were per-
formed iteratively. Technical corrections included revising ven-
tilation schedules, redefining window shading systems, optimis-
ing solar distribution methods, refining simulation timesteps,
and converting temperature setpoints into Schedule:Compact
objects for more accurate control. Heating and cooling setpoints
were then fine-tuned (22°C with setbacks at 18°C for heating
and 24°C for cooling) and linked to daily operation schedules.

After calibration, the discrepancies between real and simu-
lated data decreased substantially. RMSE values reduced from
approximately 3-5°C before calibration to around 1-2°C after
calibration across all buildings and seasons. Similarly, average
monthly temperature differences fell within +1.0°C, confirming
that the calibrated BEM reliably reproduced the thermal per-
formance of the analysed buildings and could be used for sub-
sequent scenario-based energy simulations (Figure 115, Figure
116, and Figure 117).
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Scenario modelling

Based on the BSM and the calibrated BEM, scenarios were mod-
elled to represent hypothetical changes in occupancy manage-
ment and simulate their impacts®.

In the study, the selected what-if scenarios to be simulated
explore variations in the occupancy characteristics of the main
building spaces. The intention is to investigate questions such
as:

« What happens if classrooms are converted into offices?

« What happens if the capacity of specific spaces is increased or

reduced?

« What happens if a demand-driven ventilation system is intro-

duced?

« What happens if the academic timetable or space-use schedules

are modified?’

To represent such effects, four categories of modifications to
the building’s current configuration were defined for modelling
the scenarios. These categories correspond to plausible man-
agement actions that facility managers may implement during
the operational phase of the asset:

1. Variation in space capacity: altering the allowable number of
occupants within specific spaces, for instance, in response
to health and safety regulations, which directly affects ven-
tilation rates as well as heating and cooling loads.

2. Adjustment of occupancy schedules: modifying the temporal
patterns of space utilisation (e.g. daily or weekly sched-
ules), thereby influencing system operating hours and peak
energy demand periods.

3. Space repurposing: changing the functional use of rooms
(for example, converting classrooms into offices or labora-
tories), which alters occupancy profiles, internal gains, and
environmental control requirements.

4. Implementation of demand-driven ventilation: replacing con-
stant air volume systems, typically designed for maximum
occupancy, with variable air volume systems that dynami-
cally adjust airflow according to actual occupancy or indoor
environmental conditions.

These categories may be combined within the same what-if
configuration, allowing the development of complex, multi-var-
iable scenarios for comprehensive energy and safety perfor-
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mance assessment. Table 20, Table 21, and Table 22 provide an
exemplification of this approach.

Table 20. Example
what-if scenarios in the
context of occupant-

based higher education
building management.

Variations in occupancy
can alter energy demand and — Energy perspective.

Question Question Question Scenario description

statement Subject Action

What If the academic is changed? Altering the academic calendar
calendar or affects space-use patterns and
schedule
structure operational scheduling.

What If working-from-  isintroducedin  Large-scale adoption of WfH can
home (WFH) offices? reduce space demand, enable

flexible strategies, lower
operational costs, and produce
environmental benefits.

What If blended are introduced?  Similar to WfH, increased use of
learning or blended or remote learning
partial distance reduces the need for physical
learning space, supports flexible space

planning, and contributes to
environmental goals by decreasing
travel-related emissions.

What If spaces cannot be used  Prolonged non-use of spaces can

foralongtime? lead to energy waste if systems
lack adaptive controls. Fixed
schedules or inflexible systems
may continue to operate even
when occupancy is low, thereby
increasing inefficiency.

What If the maximum is changed |i.e. Space capacity may be altered due
capacity of increased)? to health guidelines or safety
spaces regulations. Such changes affect

scheduling, occupancy rates, and
operational use of spaces.

What-if the intended is changed i.e. Similarly, changing the function of
use riskier)? a space may conflict with adjacent

uses or building systems.




Table 21. Example
what-if scenarios in the
context of occupant-
based higher education
building management.
Occupant-centric
controls — Energy
perspective.
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Question Question Question Scenario description

statement Subject Action

What If the academic is changed? Altering the academic calendar
calendar or affects space-use patterns and
schedule can alter energy demand and
structure operational scheduling.

What If working-from-  isintroducedin  Large-scale adoption of WFH can
home (WFH) offices? reduce space demand, enable

flexible strategies, lower
operational costs, and produce
environmental benefits.

What If blended areintroduced?  Similar to WfH, increased use of
learning or blended or remote learning
partial distance reduces the need for physical
learning space, supports flexible space

planning, and contributes to
environmental goals by decreasing
travel-related emissions.

What If spaces cannotbe used  Prolonged non-use of spaces can

foralong time? lead to energy waste if systems
lack adaptive controls. Fixed
schedules or inflexible systems
may continue to operate even
when occupancy is low, thereby
increasing inefficiency.

What If the maximum is changed |i.e. Space capacity may be altered due
capacity of increased)? to health guidelines or safety
spaces regulations. Such changes affect

scheduling, occupancy rates, and
operational use of spaces.

What-if the intended is changed i.e. Similarly, changing the function of
use riskier)? aspace may conflict with adjacent

uses or building systems.
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Question
statement

Scenario description

What If

What-if

Question Question
Subject Action

the maximum is changed (i.e.
capacity of increased)?
spaces

the intended is changed (i.e.
use riskier)?

Modifying the maximum room capz
be considered for future reuse strat
However, such changes might not |
feasible due to spatial constraints,
emergency layout limitations, or
incompatibility with adjacent space
overall building configuration. Comg
planned and currently allowed capa
help identify potential design confli
trigger alerts that may require broa
renovation planning. This assessme
conducted independently or alongs
evacuation-related analyses. A tops
approach may help resolve inconsis
in spatial allocation and intended us
Changing the function of a space ca
occupancy conditions and increase
number of occupants, potentially in
higher safety risks. These changes
carefully evaluated for their impact

building's overall safety.

In particular, the following what-if scenarios were defined
for the selected case study:

Scenario 0 — Current State (2024): baseline scenario with

lecture halls in 2024 with Constant Air Volume (CAV) sys-

tems controlled by volume flow.
Scenario 1 — Classrooms CAV-Person: same as Scenario 0, but

CAV systems are controlled based on airflow per person.

Scenario 2 - Classrooms VAV-Person: same as Scenario 0,

but with Variable Air Volume (VAV) systems that modu-
late flow based on occupancy (maintaining minimum flow
when unoccupied as per regulations).

capacity is increased by 20%.

Scenario 3 - Classrooms +20% Capacity: classroom seating

Table 22. Example
what-if scenarios in the
context of occupant-
based higher education
building management.
Variations in occupancy
— Safety perspective.
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Scenario 4 — Classrooms -20% Capacity: classroom seating
capacity is reduced by 20%.

Scenario 5 — Classrooms Fully Occupied: classrooms are as-
sumed to be 100% occupied during all operating hours.
Scenario 6 — Classrooms Half Occupied: classrooms are as-
sumed to be 50% occupied during all operating hours.
Scenario 7 — Classrooms 75% Occupied: classrooms are as-
sumed to be 75% occupied during all operating hours.
Scenario 8 — Classrooms 25% Occupied: classrooms are as-
sumed to be 25% occupied during all operating hours.
Scenario 9 — Closed Offices CAV-Volume: closed office spaces
with CAV systems controlled by volume flow.

Scenario 10 — Closed Offices CAV-Person: closed office spaces
with CAV systems controlled per person.

Scenario 11 — Closed Offices VAV-Person: closed office spaces
with VAV systems modulating airflow based on occupancy
(maintaining minimum flow when unoccupied).

Once the parameters of each scenario were clearly defined,
specific modifications were introduced to the calibrated BEM in
order to represent the new conditions. These operations were
performed by manipulating the EnergyPlus IDF file using Py-
thon and the Eppy library®. In this way, the model was adapted
to reproduce the conditions of each scenario as accurately as
possible. The modified model was then re-simulated to generate
updated KPIs, which were subsequently compared with those of
the baseline configuration and with alternative scenarios®.

Similarly, the scenario definitions were reflected in the BSM,
which was updated to represent the spatial and occupancy
changes introduced in each case. This process involved editing
the Topologic Skeleton Graph (see Chapter6) — used as the ge-
ometric input for safety analysis - in Python using the Topolog-
icpy library. The graph was modified to incorporate the altered
spatial configuration and occupant distribution of each scenar-
io. Following these adjustments, the safety simulations were re-
run to calculate updated KPIs and verify compliance with safety
requirements. The new results were then compared with those
obtained for the baseline and alternative scenarios'’.
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Simulation runs

Once the IDF models had been edited by adjusting the repre-
sentative parameters for each scenario, many EP simulations
were run, equal to the number of scenarios. Each simulation
generated an EP result file in CSV format, which was processed
to calculate energy-related KPIs:

« The Utilisation Rate expresses how often a given space is
occupied relative to the total available time. The Occupancy
Rate measures the average number of occupants in a space
as a percentage of its maximum capacity. Together, these
two indicators provide insight into how effectively spaces
are used, highlighting underused or overcrowded areas.

« The Energy Need indicator estimates the ideal thermal and
electrical energy required for building operation - includ-
ing heating, cooling, lighting, ventilation, and equipment
use — expressed in tonnes of oil equivalent (TEP)'.

+ The Energy Cost KPI translates energy demand into mone-
tary values by applying official conversion factors for elec-
tricity and gas tariffs. It provides a comparative estimate of
how scenario variations might affect operational expend-
iture, rather than an exact prediction of real utility costs.

+ The CO, Emissions due to Energy Use KPI evaluates the en-
vironmental impact of each scenario by converting energy
use into equivalent carbon dioxide emissions (kgCO,eq),
using standardised national conversion coefficients.

Similarly, once the BSMs had been edited by modifying the

representative parameters of each scenario, several Python sim-
ulations equal to the number of scenarios were executed. Each
simulation generated a JSON file containing the results of the
safety checks for the simulated scenario.

The safety KPIs correspond to those already defined in Chap-

ter 6 at the element, room, storey, or building levels:

- Width ratios (element, room, storey, building): express the
ratio between the required and the effective width of each
evacuation path or component. Values greater than 1 indi-
cate uncompliance with the minimum width requirement.

- Length ratios (element, room, building): represent the ra-
tio between the required and effective length of evacuation
paths or components. For rooms, the ratio is calculated
both locally (within the room itself, for informative pur-
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poses) and globally, along the shortest evacuation path
connecting the room to its designated exit. Values exceed-
ing 1 are considered not compliant.

« Independent exits (room): indicate, as a Boolean value, the
presence or absence of independent exits.

+ Openings (room): express, also as Boolean values, whether
doors meet the regulatory requirements for opening direc-
tion and handle type.

These KPIs can flag potential safety issues when independ-

ent exits are lacking, prompting further evaluation based on the
specific use and occupancy conditions of the affected spaces.

9.3.5 Data integration

At this stage, the work continued to integrate the large volume
of data and models involved in the analysis using KGs. The se-
mantic alignment and graph creation procedures relied on the
Federated Ontology Framework (FOF) presented in Chapter 3,
which was extended, as discussed in Chapter 6, to host safe-
ty-related concepts. The graph construction process used the
JSON-LD syntax and the BTwin library, as presented in Chapter
4, to convert the JSON data into a Neo4j graph.

Creation of the Energy Knowledge Graph
The KG structuring started by lining all energy-related models,
objects, and data, following these main steps:

+ Abot:Site object was first created,;

« For each building in the site, a bot :Building object was cre-
ated, along with its spatial hierarchy (containing brick:En-
ergy_Zone, and bot:Space elements);

+ A set of kpi:Scenario objects, each associated with specific
KPIs, was created to represent the full range of modelled
scenarios;

All related btwin:Document objects were then created as

nodes and connected to this object, including the IFC

model and the scenario-specific BEM models, one for each

scenario;

« Each IDF models were linked to their corresponding
kpi:Scenario node;

« Each IDF model was used in EP to run the simulation, after
which the resulting CSV file was saved and modeled as a
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btwin:Document, connected both to the bot:Building and
the corresponding kpi:Scenario;

For each CSV file and each KPI, a custom Python algorithm
aggregated the data from the EP output to compute the
KPIs and group them in btwin:KPISet objects (following a
procedure similar to that presented in Chapter 8). These
KPIs are then linked to both the bot:Building and the cor-
responding kpi:Scenario.

Through this structure, queries on the KG can retrieve the
KPI of a specific building under a specific scenario by follow-
ing the sequence: bot:Building — eko:hasAssociatedObject —
btwin:KPISet — kpi:relatedScenario — kpi:Scenario.

The following two figures illustrate the resulting graph for
the case study. Figure 118 shows the spatial hierarchy of two
case studies selected within the project, constructed by parsing
the IDF models in the graph, following the sequence: bot:Site
— bot:Building — bot:Energy_Zone — bot:Space. Figure 119
presents instead an overview of a scenario graph generated for
one of the project’s case studies. In this figure, the two buildings
are located within the same bot:Site, each connected to its own
models, scenarios, and energy-related KPIs, according to the
logic described above.



Figure 118: Spatial
hierarchy graph for the
project’s case study.
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bot_Building

bot_Site

bot_Space

brick_Energy_Zone

s BRICK_HASLOCATION
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Figure 119: Energy
scenario graph for the
& project’s case study.
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Figure 120: Semantic
alignment of the
spatial structure of
the BSM (bot:Building,
brick:Fire_Zone,
bot:Storey, bot:Space,
top:Aperture) with the
spatial structure of

the BEM (bot:Building,

brick:Energy _Zone)
and the performance
hierarchy.
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Integration of safety data in the KG

A second procedure was launched to integrate the extensive
data and models involved in the safety analysis into the KG.
To achieve this, the structural hierarchy of the BSM model was
aligned with that of the BEM model, as illustrated in Figure 120.
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The workflow proceeded as follows:

All safety related btwin:Document objects were instantiat-
ed as nodes and linked to the corresponding bot:Build-
ing node, previously inserted in the graph, including the
Topologic graphs in JSON format representing the current
BSM (skeleton and isovist graphs); the NetworkX graphs
in JSON format representing the current BSM (passage,
skeleton, and isovist graphs); and the scenario-specific
graphs (Topologic and NetworkX), one for each scenario;
Each graph/model was linked to its corresponding kpi:Sce-
nario node;
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« Each graph was used in Python to run the simulation ac-
cording to the procedure presented in Chapter 6. The re-
sulting JSON file containing the safety check results was
then stored and modelled as a btwin:Document node, linked
to both the bot:Building and the corresponding kpi:Sce-
nario;

« For each JSON file and KPI, a custom Python algorithm
aggregated the results, linking the btwin:KPISet to the
corresponding graph element (i.e., bot:Building, brick:-
Fire Zone, bot:Storey, bot:Space, or top:Aperture) and
the corresponding kpi:Scenario.

As for energy-related metrics, this structure enabled queries
on the KG to retrieve the safety KPI of a specific object under a
given scenario by following the chain: bot:Building — eko:ha-
sAssociatedObject — btwin:KPISet — kpi: relatedScenario
— kpi:Scenario.

The resulting graph is illustrated in the two figures below.
Figure 121 shows the spatial hierarchy of the two case studies
considered in the project. The hierarchy is built by aligning the
IFC and BSM graphs within the KG and includes the elements
bot:Site, bot:Building, bot:Storey, bot:Space, top:Aperture,
and brick:Fire_Zone. Figure 122 provides an overview of a sce-
nario graph generated for the case studies, where the two build-
ings located on the same site are shown - together with their
fire zones, storeys, and spaces — each connected to its respective
models, scenarios, and KPIs according to the logic described
above.

9.3.6 Data visualization and microservice development

The KG was employed as a semantic data layer supporting a pro-
totype DSS, which was developed under the DIGITMAN project
under a microservice architecture. In particular, the DSS includ-
ed two modules related to the research here presented: the En-
ergy What-If (EWI) and the Safety What-If (SWI) microservices.
Each performs what-if analyses and visualises the resulting data
through an interactive dashboard.
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bot_Building 2
bot_Site 1
bot_Space 124
bot_Storey 7

brick_Fire_Zone 2

s BOT_INTERFACEOF 385

== BRICK_HASLOCATION 281

Figure 121: Spatial
hierarchy graph for
DIGITMAN's case study.
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Figure 122: Scenario
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The Energy What-If microservice

The EWI tool was designed for three key stakeholder groups
within the university ecosystem — facility managers, occupancy
managers, and building owners - each of whom benefits from
its ability to simulate functional changes and assess their ener-
gy, economic, and environmental implications®.

The tool supports occupancy and energy planning by simu-
lating how functional changes affect energy demand for space
conditioning, estimating related costs and emissions, and com-
paring alternative scenarios through the energy-related indica-
tors. It allows decision-makers to evaluate long-term impacts
across multiple criteria — occupancy, energy, cost, and emissions
- thus supporting building performance management.

In particular, the EWI microservice can:

« Import and manage scenarios involving changes in intend-
ed use, occupancy density, occupancy schedules, and ener-
gy service modes (e.g. demand-driven controls).

« Analyse baseline and alternative scenarios using a unified
KPI set.

+ Compare outcomes through quantitative and graphical in-
dicators.

« Generate concise, dashboard-based reports summarising
results and insights.

Users access the digital platform, review current building
data, and define alternative scenarios to test. The EWI micros-
ervice then calculates and compares KPIs between the baseline
and alternatives. Finally, a dashboard summarises the results,
allowing stakeholders to evaluate the long-term impacts of each
configuration and to make informed, data-driven management
decisions (Figure 123 and Figure 124).

The Safety What-If microservice
The SWI tool extends the what-if approach to the domain of fire
safety. It is targeted at facility, occupancy, and safety manag-
ers, as well as building owners and asset managers, supporting
them in evaluating whether functional or occupancy changes
comply with national fire-safety regulations.

SWI simulates how modifications in building use or occu-
pancy density affect compliance with fire-code parameters
related to evacuation systems — namely, the geometric charac-
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teristics of escape routes (widths and lengths) and the proper-
ties of openings (door direction and handle type). The tool pro-
vides an indication of whether each configuration satisfies the
‘deemed-to-satisfy’ criteria defined in the Italian Fire Code. In
particular, users can:

« Import and analyse scenarios corresponding to changes in
intended use or occupancy density.

« Compare baseline and alternative configurations through
safety-related KPIs.

+ Generate concise dashboard reports summarising the level
of compliance and identifying elements that require fur-
ther expert evaluation.

The SWI userflow mirrors that of the EWI’s one. After se-
lecting the relevant stakeholder, users define the purpose of
the analysis — assessing fire-safety compliance under varying
spatial or functional conditions. They visualise the current con-
figuration, define alternatives, and compare KPI outputs across
scenarios. The resulting report highlights whether each scenar-
io meets code requirements or requires deeper investigation by
fire-safety professionals. This process provides an initial, da-
ta-driven understanding of regulatory feasibility before more
detailed design assessments are undertaken (Figure 125).

9.4 Results and outcomes

The scenario analysis compared multiple what-if configurations
to evaluate how variations in ventilation control, space capacity,
occupancy schedules, and room function affect the energy, cost,
environmental, and safety performance of two pilot buildings.
The results of the multicriteria analysis are briefly presented be-
low.

For Building 10, the baseline configuration corresponds to
the 2024 lecture hall layout with CAV ventilation. The most
significant performance improvements emerged when de-
mand-driven VAV control was introduced. Compared with the
baseline, the VAV-person configuration reduced heating demand
by 24 %, cooling demand by 7 %, total primary energy by 4 %,
operational costs by 9 %, and CO, emissions by 11 %. In con-
trast, CAV control based on occupant count increased energy



Figure 123. Dashboard
of the EWI microservice.
The upper panel
provides filtering
options for selecting
the building and
scenario. The lower
section displays a 3D
view of the spaces,
colour-coded according
to the relevant KPls.

On the right, numerical
comparisons and a
radar chart illustrate the
differences across the
various scenarios.

Figure 124. Comparison
between the current
scenario and the
'Classroom CAV-person'
scenario for Building 10.

Figure 125. Dashboard
of the SWI microservice.
The upper panel enables
the selection of both
the scenario and the
KPIs. The lower section
presents a 3D view of
the building. On the
right, a description of
the scenario and the
corresponding analysis
is provided, together
with a tabular report.
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demand and costs. Changes in nominal seating capacity (+20
%) produced only minor effects under volume-based ventila-
tion. Adjusting occupancy schedules revealed that higher utili-
sation led to strong increases in summer cooling demand, while
reduced occupancy resulted in near-baseline conditions. Repur-
posing the lecture halls as closed offices under CAV operation
increased energy needs, but coupling the same configuration
with demand-driven VAV control reversed the trend, cutting
emissions by up to 17 %. Overall, Building 10 proved highly
sensitive to occupancy and ventilation strategy, confirming
that demand-controlled VAV systems offer the most effective
energy and environmental performance.

For Building 09, which shares a similar configuration but
features a longitudinal south-facing facade, solar gains domi-
nate its energy balance, yielding 35 % higher cooling demand
per square metre than Building 10. Scenario outcomes followed
the same trend: the VAV-person configuration offered the best
performance, reducing heating energy by 46 %, cooling energy
by 25 %, and lowering TEP, costs, and CO, emissions by 13 %,
19 %, and 21 %, respectively. Capacity and occupancy schedule
variations produced limited effects due to the stronger influ-
ence of solar loads. As in Building 10, converting lecture halls
into offices under CAV control increased energy use, while in-
troducing demand-based VAV ventilation achieved up to 18 %
emission reductions.

The what-if safety assessment further examined compliance
with national fire regulations across all scenarios. The analysis
shows that every configuration, except Scenario 3 (Classrooms
+20 % capacity), meets code requirements. The baseline condi-
tion for 2024 lecture halls (Scenario 0) is fully compliant, as ex-
pected, since it was designed according to National Fire Regula-
tions. Lower-density scenarios, such as Scenario 4 (Classrooms
-20 % capacity) and Scenario 9 (Closed offices without public
access), are likewise compliant, as their reduced occupant loads
maintain adequate egress widths and compartmentation.

By contrast, Scenario 3 triggers a safety alert: increasing
the nominal headcount by 20 % exceeds the capacity of certain
evacuation routes, whose exit widths are insufficient to accom-
modate the higher density. While a few rooms could technically
sustain the additional occupancy, this condition cannot be gen-



Figure 128. Safety
analysis for the
demonstration building
‘Building 09" and
‘Building 10"- Building
Level Checks — Width
Ratio. Scenario O (top)
vs Scenario 3 (bottom).
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eralised without architectural modifications to the evacuation
system.

Stakeholders are thus immediately informed that Scenario
3 should either (1) be excluded at the EWI decision stage when
considering generalised occupancy increases; (2) be adapted by
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Figure 126. Parallel
coordinate plot showing
the energy-related KPIs
for the demonstration
building ‘Building 10

Figure 127. Parallel
coordinate plot showing
the energy-related KPIs
for the demonstration
building ‘Building 09
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Figure 129. Safety
analysis for the
demonstration building
‘Building 09" and
‘Building 10'- Storey
Level Checks - Width
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Figure 130. Safety
analysis for the
demonstration building
‘Building 09" and
‘Building 10'- Room
Level Checks — With
Ratio. Scenario O (top)
vs Scenario 3 (bottom).



267

Scenario graphs for multicriteria decision making

| =

demonstration building

‘Building 09" and
‘Building 10’ Element

Figure 131. Safety
analysis for the
Level Checks —
Horizontal Elements
With Ratio. Scenario
0 (top) vs Scenario 3
(bottom).

= —"9
.




268 Applications and case studies

Notes

* The zoning procedure combined topological methods - used to group adja-
cent cells — with machine learning techniques, specifically the K-Means clus-
tering algorithm, which further clusters spaces based on their occupancy and
operational characteristics extracted from the IFC model. For this case study,
the attributes considered for space clustering included “IsOccupied”, “IsHeat-
ed”, “IsCooled”, and “AreaPerOccupant”.

2 Flow rate per exterior surface area was set equal to 0.0001 m®/s-m?, referring
to a tight building for the case study in question.

% For occupancy schedules, which were particularly significant for the project,
data directly from the university’s asset management service were considered.
* Given the homogeneity of the buildings’ construction systems, these class-
rooms were considered representative of the whole building. For both the
classrooms, a dataset was assembled containing hourly records for an entire
year (8,760 data points), including timestamps, real temperatures measured
by wall-mounted sensors, and simulated temperatures obtained from Ener-
gyPlus ‘“Zone Mean Radiant Temperature’ outputs. Sensor and climate data
covered the same period (February 2024-January 2025) to ensure temporal
consistency.

® Root Mean Square Error (RMSE) is a standard metric for quantifying the dif-
ferences between values predicted by a model and the actual observed values.
It is calculated as the square root of the average of the squared errors (resid-
uals) and indicates the typical magnitude of the error in a set of predictions.
A lower RMSE value means the model’s predictions are closer to the actual
values, indicating higher accuracy.

6 A ‘what-if’ scenario refers to a hypothetical situation analysed to evaluate
the potential outcomes of alternative decisions or system changes. This ap-
proach is widely employed in project management, strategic planning, and
performance modelling to assess risks, identify opportunities, and anticipate
the consequences of specific interventions.

7 Each of these questions entails adjustments to occupancy-related parame-
ters that, as extensively demonstrated in the literature (Gui et al. 2021; Mat-
sunobu and Coimbra 2023; Mosteiro-Romero et al. 2023), can substantially
influence both the energy and safety performance of buildings.

8 In technical terms, four main types of modifications were applied. First,
changes in space capacity were implemented by adjusting the People per
Floor Area property of the People object corresponding to the affect-
ed zone, thereby modifying the occupant density. Second, when occupancy
schedules were altered, a new schedule was created and assigned to the Num-
ber of People Schedule Name property of the People object. At the
same time, the Schedule Name property of the ElectricEquipment object
was updated, assuming that plug-load consumption is directly proportional to
occupancy levels. Third, in cases of space repurposing, the same procedure as
for capacity variation was applied: the People per Floor Area property
of the People object was edited to reflect the new intended use of the space.
? Finally, demand-driven ventilation strategies were simulated by modifying
the DesignSpecification:OutdoorAir object for each zone. For CAV
systems, the Outdoor_Air_Method was set to Flow/Area for systems
based on room size and to Flow/Person for systems based on maximum oc-



cupancy. In the case of VAV systems, the same Outdoor_Air_Method was
used, but the Outdoor_Air_Schedule_Name property was linked to the oc-
cupancy schedule of the People object, which contained hourly values rang-
ing from O (no occupants) to 1 (maximum occupancy). During unoccupied pe-
riods, a minimum ventilation rate was maintained to replicate real operating
conditions better.

0 In practical terms, modifications to the BSM primarily concerned the Oc-
cupancy Density property stored within the Topologic Dictionary
associated with each Vertex in the Skeleton graph. For example, increasing
a classroom’s capacity by 20% required increasing its occupancy density from
1.20 to 1.44 persons per square metre. In cases involving changes in intended
use, the same parameter was adjusted to reflect the new function: converting
a classroom into an office, for instance, meant reducing the occupancy density
from 1.20 to 0.40 persons per square metre, thereby reflecting the different
spatial and functional requirements.

™ Since HVAC systems were modelled in a simplified way in the BEM, al-
though produced through a calibrated model, this metric does not represent
actual consumption but rather the theoretical energy demand.

2 Facility managers, including energy managers and those responsible for
specific building systems, can use EWI to assess the operational impact of dif-
ferent configurations on energy consumption, costs, and emissions, thereby
supporting evidence-based decision-making aligned with institutional ener-
gy-performance goals. Occupancy managers, such as departmental coordi-
nators and scheduling staff, can visualise how changes in space use patterns
influence energy demand, enabling more efficient planning and avoidance of
under- or over-utilisation of spaces. Building owners or asset managers can
rely on EWI for strategic planning, comparing the potential benefits of op-
erational adjustments with those of retrofit interventions, and prioritising
actions based on quantified impacts across the building portfolio.

3 These last options should be reviewed in consultation with fire safety ex-
perts to ensure regulatory compliance, but the general modelling approach
remains valid and can rapidly visualise the outcomes through KPI-based anal-
ysis. In such cases, the BIM - and consequently the topologic model - can be
locally updated at the component scale to reflect revised spatial and occupan-
cy conditions.
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10. TOWARDS AI-INTEGRATED KNOWLEDGE SYSTEMS

Abstract

The convergence of graph-based knowledge modelling and Ar-
tificial Intelligence (Al) is opening new frontiers for the AECO
sector. This emerging field of knowledge lies at the heart of a
profound transitional era that is influencing every area of exper-
tise and all human activities, including the construction sector.
The core of this paradigm shift, typical of scientific revolutions,
does not rest solely on the technological aspects of the issue,
but rather on the broader challenge of fostering awareness in
decision-making, from which the question of ethical responsi-
bility naturally follows.

This chapter explores how Knowledge Graphs (KGs) - pre-
viously used to integrate heterogeneous building data — can be
coupled with Large Language Models (LLMs) to create Al-inte-
grated knowledge systems. It discusses the emergence of nat-
ural language interfaces for interacting with complex building
data, the challenges of ensuring that Al-provided information
remains valid and traceable, and how KG technologies can
complement LLMs by grounding them in factual domain data.
Then, the text outlines example architectures for LLM-KG in-
tegration and demonstrates a fictional application using Claude
(an LLM) connected to a Neo4j-based building KG to support
natural language queries from the graph.

Future scenarios envision Al assistants, guided by do-
main-specific ontologies and validation standards, becoming
trusted partners in building design and management.
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10.1 From graph thinking to Al reasoning

As observed in the first chapters of this book, over the past
decade graph thinking — the practice of modelling knowledge as
networks of entities and relationships — has gained prominence
as a means of tackling the complexity of building information,
usually dispersed across different subdomains of the AECO sec-
tor. In this field, graph data structures are widely used today, es-
pecially within the research community, to represent knowledge
of buildings, their components, and their processes throughout
the lifecycle. In particular, KGs have proved highly effective for
integrating diverse building datasets into a unified, queryable
format, as demonstrated by the prototypical applications pre-
sented in the previous chapters of this book.

Unlike raw data silos, KGs embed semantic relationships de-
fined by ontologies, making the data both human-interpretable
and machine-understandable. This semantic enrichment allows
building knowledge to be organised in a way that is not only
comprehensive but also easily queryable. To address the prob-
lem of data accessibility for non-digital experts, some of the ap-
plications presented above have coupled KGs with web-based
business intelligence solutions, such as interactive dashboards
for visualising key indicators, thereby supporting data-driven
decision making.

However, things are changing — and also very rapidly. As the
reader will know, the past three years have been transformative
for research in digital AECO (Memon et al. 2025) and, indeed,
for all disciplines that in some way concern the digital modelling
of knowledge. This revolution has not been driven by graphs
— which, though conceptually fascinating, are rarely attractive
outside academic circles — but rather by Generative Artificial
Intelligence (GenAl), which has indubitably taken centre stage.
This revolution first introduced LLMs - advanced Al systems
that rely on deep learning and vast datasets to understand,
generate, and process human language - and, more recently, Al
agents, including multimodal ones - these are software systems
that leverage Al to pursue goals and carry out tasks on behalf of
users, demonstrating reasoning, planning, and memory capa-
bilities, and possessing a degree of autonomy that enables them
to make decisions, learn, and adapt. This innovative technology



Figure 132. User-
machine interaction
through KG and LLMs.

Towards Al-integrated knowledge systems

is bringing about a genuinely disruptive revolution, in the Pop-
perian sense of the term: a paradigm shift in the foundations of
scientific method (Popper and Popper 2008).

It is now unavoidable to acknowledge that, despite the many
problems associated with Al, its potential exceeds what could
have been imagined only a few years ago. It therefore seems in-
evitable that the next frontier in knowledge management will
consist of integrating already established knowledge technol-
ogies, such as KGs, with Al capabilities — an association that,
according to recent experiments reported in the literature, ap-
pears to work remarkably well (Pan et al. 2023) such as ChatGPT
and GPT4, are making new waves in the field of natural lan-
guage processing and artificial intelligence, due to their emer-
gent ability and generalizability. However, LLMs are black-box
models, which often fall short of capturing and accessing factu-
al knowledge. In contrast, Knowledge Graphs (KGs. Recent ad-
vances in Al, particularly LLMs, suggest that natural language
can become a powerful interface for querying and manipulating
complex graph data. More importantly, using KGs as knowl-
edge bases to support LLMs significantly reduces the so-called
‘hallucinations’ these models are prone to. In other words, the
advantages of the two technologies converge: the semantic and
contextual structuring of knowledge offered by KGs, and the
human-centred interaction provided by LLMs.

«What is the total area of
all the spaces with office
. functions

KG+LLM

«The total area of all
the spaces in the BIM
model that have office
function is equal to 1197

square meters» E
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At the time of conceiving this book, I was aware - or perhaps
apprehensive — that by the time the manuscript was complet-
ed, some of its content might already appear technologically
obsolete. This, of course, is the result of the relentless pace of
progress in IT technologies, which now achieves in weeks what
once required years or even decades of research. This is precisely
why, as I have repeatedly tried to explain, my primary goal in
this work has been to convey an approach - a methodology for
knowledge modelling - intended to bring order and structure to
my thoughts over the past years and to codify them within the
notion of Buildings as Networks, whose conceptual roots are by
no means my own invention.

Throughout the book, I have repeatedly highlighted how
federated ontologies and graph databases can serve as a ‘seman-
tic backbone’ for building information and related knowledge
systems. This is now, for me, a consolidated technique in the
research field, although it is still rare in professional practice for
a variety of reasons, both cultural and technical.

This chapter, therefore, makes a tentative effort to extend
that vision towards the future, and towards what will inevitably
be the next phase of this research in the coming years, shifting
attention to the theme of Al integration in knowledge systems.
Accordingly, the central question of this last section becomes:
How can graph-based knowledge systems and Al work together to
improve human—machine collaboration in AECO? It would be pre-
mature to attempt a complete answer here — dozens of research-
ers worldwide are working on it. Instead, this chapter attempts
to offer an anticipation of the future that awaits us, accompa-
nied - as is my habit — by a few small practical examples to help
the reader grasp concepts that might otherwise appear abstract,
over-ambitious, or technically ungrounded.

An optimistic perspective is that this work — conceived
for people, particularly those working in the field of building
knowledge modelling and students approaching this discipline
— will also serve machines. Ideally, the knowledge and concep-
tual structure proposed here will enable even non-expert users
to interact with machines without requiring any digital skills,
simply by communicating with them through natural language.
After all, this is the most desirable form of digitalisation we can
aspire to: one that simplifies communication.
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10.2 The rise of natural language interfaces in AECO

Over the past two years, natural language interfaces have
emerged as highly promising digital environments for profes-
sionals to access and interact with building information. Tradi-
tionally, extracting insights from a building information model
or a performance database required specialised expertise. One
needed to know which software to use (for example, IFC viewers
or BIM tools to visualise models) or which query language to
employ (such as SQL, SPARQL, or Cypher), often requiring the
learning of programming languages — both textual and visual -
for parsing data and models. This technical barrier frequently
left vast quantities of valuable data under-utilised.

In contrast, LLMs offer a way to converse with machines and
software, posing questions in plain English (or any human lan-
guage) and receiving meaningful - or, apparently meaningful -
answers. Of course, we must acknowledge the many limitations
that still characterise this technology, both ethical and herme-
neutic, but its potential cannot be denied. These are basically
systems that understand - or seem to understand — both ques-
tions and context before formulating their responses.

In the AECO context, where one of the major barriers to the
diffusion of a key knowledge technology such as BIM lies pre-
cisely in the limited accessibility experienced by small- and me-
dium-scale operators, this innovation is far from trivial. Thanks
to Al natural interaction with BIM, digital twins, or any other
knowledge system now appears closer than ever, and the bar-
riers to using such systems have never seemed so low. We are
probably leaving behind a world of software made up of func-
tions and buttons, moving towards one based on chat and dia-
logue. This is a very recent field, still largely unexplored except
by a few pioneers, and evolving literally day by day.

In any case, the appeal of such interfaces has not gone unno-
ticed — both within and beyond AECO (Lee et al. 2024)it is fore-
seeable that BIM tasks, including querying and managing BIM
data, 4D and 5D BIM, design compliance checking, or authoring
a design, using written or spoken natural language (i.e., text-
to-BIM or speech-to-BIM. Al has, in effect, been democratised
- or, more accurately, its use has been, since the technology it-
self remains the property of a few private companies. People of
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all educational backgrounds have begun using ChatGPT and its
counterparts for a wide range of purposes.

Within AECO research, scholars have increasingly begun ex-
ploring integrations between BIM and conversational Al The
literature is constantly evolving, and closely follows the capa-
bilities of the latest LLMs released almost daily. One of the ear-
liest attempts probably comes from Rane et al. (2023) (Rane et
al. 2023), who proposed a framework in which "BIM’s collabo-
rative ethos is extended through natural language interfaces from
ChatGPT, fostering seamless communication and idea exchange
among project stakeholders". Early industrial prototypes already
hint at these possibilities, with companies beginning to offer
Al-driven chatbots for project management and building ana-
lytics.

I myself, together with my research group, reflected in the
‘distant’ 2023 on how Al could be used for knowledge retriev-
al from BIM models, presenting a year later, in 2024, the pa-
per Building Information Model Analysis Through Large Language
Models and Knowledge Graphs at the eCAADe 2024 conference
(Figure 133). I recall that at the time of writing, one year before
publication, it was almost impossible to find references in the
literature — not because no one was working on it, but because
the publication cycles of academic journals are commonly slow
compared with the speed of digital technological development.
Today, only two years later, the rapid evolution of Al systems
already makes that research appear like a ‘primitive relic of
the digital Jurassic’ — especially when compared to the further
advances that will occur between the moment of writing this
chapter and the eventual publication of this book.

On this subject, one could open a broader reflection on the
role of architectural researchers in a context so dependent on
the advancement of a single technology. Yet, as this is a tech-
nical book, such a discussion - though fascinating — would risk
becoming inconclusive and moving beyond the aims of the
present work. Leaving aside the Asimovian and, sometimes,
apocalyptic scenarios that we all, in one way or another, fear
or imagine, as well as the philosophical discussions on the so-
called ‘Age of Technology’ and the corresponding ‘Ethics of the
Wanderer’ proposed by Galimberti (Galimberti 2023) — accord-
ing to which, in the technological age, technology becomes an



Figure 133. Extract
from the presentation
given at the eCAADe
2024 conference about
‘Building Information
Model Analysis Through
Large Language Models
and Knowledge Graphs'
(Massafra et al. 2024b).
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end in itself rather than a means for humanity, leaving us to
wander equipped with immensely powerful tools but without
a clear destination — what matters here is the pragmatic recog-
nition that LLMs and Al agents can indeed lower the technical
barriers to data accessibility — and can do so now, simply and
effectively.

In my view, this is precisely what should most concern the
construction sector at this historical juncture, a field plagued by
alevel of knowledge fragmentation found in few other domains
— where expertise and languages belong to actors who, due to
various personal and professional biases, communicate in high-
ly divergent ways. This is not due to individual deficiencies, but
to the intrinsic nature of a sector that is profoundly multidisci-
plinary and, at times, chaotic. In other words, if properly guid-
ed, Al could significantly reduce the knowledge gap that affects
the AECO sector.

Natural language interfaces promise to make advanced deci-
sion-support tools more user-friendly, accessible, and inclusive
— simply because they compute as fast as machines but commu-
nicate as effectively as humans, in discursive, not necessarily
structured, form. However — and this is, at present, the actual
limitation - providing natural-language access to critical knowl-
edge raises one fundamental concern: can we trust the answers
given by AI? This leads us directly to the next section, which ex-
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10.3 Challenges of valid knowledge in human—-machine
dialogue

While Al chat interfaces appear to be extraordinarily power-
ful tools — capable of things unimaginable only a few years ago
- they bring with them a significant caveat: the validity of the
knowledge they provide. LLMs are known to sometimes produce
information that sounds plausible but is in fact incorrect or un-
substantiated — a phenomenon often referred to as hallucina-
tion. In a casual context, a spurious answer from an Al assistant
may be merely an annoyance; in the AECO domain, however,
decisions based on incorrect information can have serious im-
plications. To give a simple yet immediate example, an Al that
improvises a structural load value for a beam or misinterprets
a fire safety regulation could easily mislead a project team if its
output is not correctly verified and validated through specialist
methods or software.

Several factors contribute to this challenge of ensuring val-
id answers. First, general-purpose LLMs - even those trained
with billions of parameters - still lack guaranteed accuracy in
specialised domains. This lack of precision increases as one de-
scends vertically into a specific field or narrows the focus to a
local scale.

To illustrate, this year, with my students in the Building Ren-
ovation Workshop, we asked ourselves, failing, whether Al sys-
tems could recognise the construction characteristics of certain
recurring building types in the Bologna area, to assess whether
Al could assist in understanding the built heritage — particularly
for students who still have limited experience in identifying lo-
cal materials and construction techniques. I also recall a design
review in which one of my students asked ChatGPT to design
a structural improvement to the junction between a wall and a
floor slab in a masonry building. While the conceptual design
framework provided by ChatGPT was sufficient to justify the
project’s overall choices, the technological details were entirely
inadequate. Beyond the evident graphic deficiency — which is
not, after all, among the major tasks of a language model - the
real issue lies in the fact that general-purpose Al does not ‘like’
the scale of local detail, at least not yet. This is likely because
such systems learn from broad web texts, which rarely include
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the precise technical standards or up-to-date building codes
relevant to a specific query. Without integration into a trusted
knowledge base, the Al fills gaps with its own ‘best guess’ — and
that guess may be wrong. Second, LLMs have no inherent mech-
anism for showing the source of their answers - or at least, not
always. Unlike a human expert, who can cite a code clause, a
standard, or a measurement report, an LLM typically does not
provide justification unless it is explicitly engineered to do so
(for example, through retrieval-augmented generation or by us-
ing specific prompts that request citations).

From the perspective of knowledge modelling, this marks a
clear departure from the rigour that KGs and ontologies strive
to maintain. As we have seen in previous chapters, a well-craft-
ed KG in the building domain encodes factually vetted relation-
ships and can be linked to provenance information. If an Al by-
passes that and relies solely on its internal ‘training memory’,
the scientific validity of its information may be compromised.
It is therefore undeniable that researchers play a crucial role in
ensuring that digital decision-support systems in AECO enable
reliable and scientifically valid information generation. Achieving
this requires careful design when introducing Al into the loop
- not merely for developing prototypes or visually appealing
renderings, but for actual deployment within operational auto-
mation processes.

Fortunately, research is already beginning to address this
issue. One immediate mitigation strategy is grounding the Al’s
responses in a vetted knowledge source. This is precisely the
logic behind RAG techniques, in which the Al is not left to gen-
erate answers from its general knowledge but is compelled to
draw from external data — documents, databases, or KGs. An-
other challenge is maintaining context and constraints; in other
words, in a multi-turn dialogue, how can we ensure that an Al’s
follow-up answers remain consistent with previously retrieved
facts and adhere to domain rules? This becomes an engineering
problem about aligning LLMs with KGs, a topic explored in the
following paragraph.

Beneath all these technical solutions, however, lies a broader
truth: valid knowledge in human-machine dialogue is not to-
tally automatic; it must be actively enforced through system de-
sign. Beyond this, human oversight remains the most effective
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safeguard against hallucinations, wherever it can be applied.
From a pedagogical perspective, this raises an essential point:
we should educate ourselves to use these new tools with serious-
ness and awareness. Critical thinking remains firmly within the
domain of the human mind, not the machine. We should resist
the temptation to delegate our judgement to algorithms — and
instead treat Al as an ally that extends, rather than replaces, our
capacity for reasoning.

10.4 Complementarity between the two technologies

Despite the challenges discussed so far, there is a growing con-
sensus that KGs and LLMs complement each other’s strengths.

On the one hand, KGs excel at providing a structured, con-
text-rich representation of domain knowledge. They store facts
with precise relationships and can be queried with exact log-
ic — for instance, «find all sensors located in rooms on the second
floor that measure temperature.» KGs are reliable by construction,
by their very nature, since they typically aggregate curated data
and enforce ontological consistency. However, interacting with
a KG usually requires significant technical expertise, such as the
ability to write SPARQL or Cypher queries or understand the
graph schema.

LLMs, on the other hand, are masters of flexibility and ab-
straction — so much so that at times they seem to invent new
things or concepts. They can interpret imprecise or incomplete
questions, decompose complex linguistic input, and generate
coherent, contextually appropriate responses in natural lan-
guage. LLMs can also perform a form of soft reasoning, synthe-
sising information and even making plausible inferences or sug-
gestions. What they lack, however, is assured correctness and
domain grounding. In fact, all the emergent capabilities of LLMs
derive essentially from concepts in statistics, probability, and
stochastic modelling, which, when pushed to extremes, seem to
constitute a form of intelligence.

This is where KGs come in. By connecting an LLM to a KG,
we provide the model with a source of truth from which to draw,
rather than relying solely on its parametric memory. In other
words, the KG provides knowledge, context, and semantics,

283




284

Future scenarios

while the LLM provides eloquence, interpretation, and commu-
nication.

We can imagine this dichotomy through a metaphor illus-
trated in Figure 1: the Deterministic Spider (the KG) and the
Stochastic Parrot (the LLM). The spider is a serious and rigor-
ous creature. It builds its web with care, precision, and an en-
gineering knowledge that only it possesses. The web has a spe-
cific structure: its threads have a given thickness and tension,
and their connections follow a logic that the spider instinctively
knows to be necessary. Nothing is left to chance. Yet the spider
is not flashy, and its work - though vital to the ecosystem’s food
chain - often goes unnoticed. In other words, the spider lacks
an effective marketing strategy. And yet, without that metic-
ulous understanding of matter and its relationships, the web
— arguably an example of structural engineering and, in a sense,
parametric design — would not function. The stochastic parrot
is its opposite. It is immensely powerful because it has listened
to billions of words and can repeat them, often in the proper
order, appearing even intelligent. However, the parrot repeats
only what it has heard - the sound, not the meaning; it does not
know the context and has never seen it. Despite its flamboy-
ant plumage, when asked a question requiring inference or deep
reasoning, it tends to provide generic answers that soon make
its interlocutor doubt that it truly knows anything. Its market-
ing and communicative appeal - apparently enormous — col-
lapses the moment it is required to take things seriously and
demonstrate reliability.

Not wanting to drift too far into a Phaedrus fable, let me give
a more practical example from the building sector to illustrate
the complementarity between KGs and LLMs in RAG scenarios.

Suppose a user asks: «What is the typical thermal conductivity
of the material used in the external walls of Building X?» A KG
might store the relevant material properties — perhaps linked to
an ontology such as IFC or to an external materials database. By
working together, the LLM can identify the intent of the ques-
tion and the relevant entity (external wall, Building X, materi-
al property), then retrieve the value from the KG, and finally
phrase the answer in an explanatory way: «The external walls of
Building X are made of brick masonry, which has a thermal conduc-
tivity of 0.72 W/mK according to the building’s material database.»
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The LLM+KG duo thus delivers an answer that is both ar-
ticulate and grounded in factual data, with the KG ensuring
traceability of the information source (that 0.72 W/m-K). The
semantic structure of the KG helps the LLM navigate the hi-
erarchy of elements, determining which objects to inspect and
which properties to read, selecting within a predefined schema
of the expected answer field.

Beyond simple question-answer interactions, KGs can also
guide LLM reasoning by imposing logical constraints. For exam-
ple, if a user’s query requires comparing data across different
building systems, the ontology underlying the KG can clarify
relationships (e.g. HVAC zones belong to floors; sensors belong
to zones), ensuring that the LLM’s analysis respects the actual
building structure. Conversely, the LLM can assist by bridging
disparate vocabularies — translating a user’s informal question,
such as «Are there any rooms that are energy hogs?», into a formal
graph query: ‘rooms with unusually high energy use per area’.

This synergy shows that Al-integrated systems can indeed
harness the best of both worlds: the precision and rigour of
symbolic knowledge representations and the adaptability and
expressiveness of statistical language understanding.

10.5 Architectures for LLM-KG Integration

Marrying an LLM with a KG requires a thoughtful and careful-
ly designed system architecture. Various architectures are cur-
rently under development. What follows is a deliberately con-
cise and non-exhaustive overview. For a deeper treatment of
the topic, readers may refer to works such as those by Kau et al.
(Kau et al. 2024) and Skrlj et al. (Skrlj et al. 2025)

A widely adopted approach is RAG, in which the LLM is
enhanced by a retrieval component that fetches relevant data
from the KG (or associated databases) and incorporates it into
the model’s prompt. In a graph-based RAG pipeline, a user que-
ry might first be translated into a graph query (for example, in
Cypher or SPARQL) or into a semantic search across the KG.
The top results - facts, data points, or short text descriptions —
are then fed into the LLM’s context window, so that the model’s
eventual response is augmented with real data.
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Studies have shown that this method can significantly im-
prove the factual accuracy of LLM outputs in specialised do-
mains, as the model is less likely to hallucinate when it can rely
on domain-specific evidence. For instance, SparqLLM (Arazzi et
al. 2025) is a framework that uses a RAG approach to enhance
KG querying: it translates natural language into SPARQL que-
ries, retrieves the corresponding triples, and grounds the LLM’s
answers in verified data.

Another promising architecture treats the LLM as an agent
capable of tool use. In this configuration, the model not only
generates text but can also issue calls to external tools or APIs
- in our case, a graph query engine. The emerging Model Con-
text Protocol (MCP) exemplifies this strategy. It defines a stan-
dardised method for an Al assistant to request data from ex-
ternal systems and incorporate it dynamically into its conver-
sational context. Introduced by Anthropic in late 2024, MCP is
described as ‘a new standard for connecting Al assistants to the sys-
tems where data lives, including content repositories, business tools,
and development environments’ (Anthropic 2024). In essence,
MCP allows an LLM - such as Claude (Anthropic 2025) - to que-
ry a database or a KG by specifying exactly what it needs and
to receive structured results in real time during its reasoning
process. By providing ‘a universal, open standard for connecting
Al systems with data sources’, MCP aims to replace fragmented,
ad hoc integrations with a consistent, interoperable interface.
For example, under the MCP framework, an Al could invoke a
‘Neo4j query’ tool by submitting a Cypher query as a payload;
the MCP server would then execute the query on the graph da-
tabase and return the results to the Al, allowing it to continue
the conversation with those results in memory (Figure 135).

Beyond RAG and MCP-based agent architectures, other pat-
terns include fine-tuning or pre-training LLMs on graph-struc-
tured data. In principle, it is possible to serialise parts of a KG
into text and use them as base data to help the model absorb
domain-specific knowledge. However, this approach may be
static — the model’s internalised knowledge may quickly become
outdated as data evolves — and lacks transparency, as it is dif-
ficult to determine which facts the model actually retains. For
these reasons, most current research favours dynamic integra-
tion: keeping authoritative data within the KG and letting the



Figure 135. Model
Context Protocol
Architecture for
integrating Claude (LLM)
with Neosj (graph DB).
Source: (Neo4j 2025)
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LLM query it when needed. This dynamic approach also aligns
with the federated ontology strategy introduced earlier in the
book. Rather than embedding a monolithic schema within an
AT’s parameters, multiple domain ontologies are kept modular
yet semantically connected in a live graph. This structure main-
tains flexibility and updatability and reflects the multi-scale
and cross-disciplinary nature of AECO knowledge itself.

A further key architectural consideration concerns the di-
rection of information flow. The system may rely on a one-way
model, in which the KG informs the LLM through retrieval
mechanisms. Alternatively, the flow can be bidirectional, allow-
ing the LLM’s outputs to be written back into and thus update
the KG. In an interactive design assistant, for instance, the Al
might propose a design solution that then needs to be evaluat-
ed, validated, or stored within the project’s KG for future ref-
erence. This kind of bidirectional integration remains an area of
active research. The MCP model already supports two-way con-
nections — Al tools can both read and write via defined opera-
tions — hinting at future scenarios in which Al agents not only
consult KG but also help to populate or update it.

In any case, the common goal of these architectures remains
the same: to ensure that the LLM remains grounded in the KG’s
knowledge at all times while still offering fluid, natural, and
context-aware conversational abilities to the end user. We now
turn to a concrete example that illustrates how these concepts
can take shape in practice.
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10.6 Demonstration: Claude, MCP, and Neo4;j

To demonstrate how an Al-integrated knowledge system might
operate in practice, we will consider a fictional yet realistic sce-
nario built upon the tools and concepts discussed in earlier
chapters.

Imagine a small university building portfolio undergoing a
performance evaluation for an energy retrofit. The portfolio
consists of two campuses, each containing one or more sites.
The first campus includes a single building with two storeys.
The second campus has two buildings, with three and four
storeys respectively. Each building houses spaces with various
functions: classrooms, offices, toilets, corridors, hallways, lab-
oratories, etc.

The facility managers have been collecting data from vari-
ous systems. A detailed BIM model (in IFC format) provides the
building’s spatial and construction information. Sensors and
meters record operational data such as temperature, humidity
and CO, concentration. Building performance simulation soft-
ware has been used to model different retrofit scenarios and
compute heating performance indicators.

Using the BTwin toolkit, these heterogeneous data sources
were integrated into a comprehensive Neo4j graph DB (Figure
136). The graph is built upon the federated ontology, ensuring
that all data shares a consistent semantic context. In practice,
this means that spatial elements, their properties, and asso-
ciated performance indicators are represented as intercon-
nected nodes in Neo4j. For instance, nodes such as bot:Site,
bot:Building, and bot:Space define the spatial hierarchy; if-
c:PropertySet nodes describe space properties; and eko:KPI
nodes capture KPIs such as annual heating energy or average
CO, concentration. Each ontology module contributes its re-
spective part: BOT for geometry, Brick for sensor classification,
IFC for construction detail, and EKO for performance metrics,
etc., all unified through the federated model.
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Figure 136. Neo4j graph
for the fictional building
portfolio.
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Data is ingested into the graph via JSON-LD-formatted files.
The BTwin connectors extract entities such as ifcBuildingSto-
rey and ifcSpace from the IFC model, then link them to sensor
data and simulation results via Python routines. As a result, the
Neo4j database now serves as a core digital twin for the build-
ing portfolio’s operational performance. For example, one por-
tion of the graph contains nodes representing thermal zones
defined in the EnergyPlus simulation, each linked to its corre-
sponding physical space and associated with properties such as
annual heating demand. The EKO ontology’s eko:hasAssociat-
edobject relationship connects these performance metric nodes
to the spaces or zones they describe. Temporal data is managed
through time:Interval nodes, which represent simulation peri-
ods or sensor timestamps. In short, the KG is ready to answer
complex, semantically grounded queries.

Now, the user enters Claude, an advanced LLM integrated
into the graph system via the MCP. MCP enables direct connec-
tion between Claude’s chat interface and the Neo4j database
through the neo4-mcp-server (Neo4j 2025b). Claude is provid-
ed with a list of available tools - notably, read and write query
tools - allowing it to issue Cypher queries to Neo4j and retrieve
structured results.

The user interacts with Claude through natural language;
Claude then interprets the request and translates it into a Cy-
pher query consistent with Neo4j’s schema and the federated
ontology’s vocabulary.

Let’s consider three example queries, each targeting a differ-
ent layer of the data:

® Q1 - User: «<How many classrooms are in the portfolio? How
many people can they host in total?»

e Q2 - User: «What is the highest peak CO, level among the
classrooms, and which classroom recorded it? Can you show
with a chart the classrooms over 1000ppm?»

e Q3 - User: «Can you identify the top three zones with the
highest heating energy use? Please make a summary table
and display with a chart.»

The results are shown in the following figures.
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Figure 138. Claude's
answer to Q2: «What
is the highest peak
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information.

Great! Now [ can see that spaces have an prope!

room" and an I N property that shows the maximum occupancy.

d on the Neo4j database query, the portfolio contains:
* 6 classrooms

» Total capacity: 285 people (combined peak occupancy)

ooms ha
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Pubbli

Top 3 Zones with Highest Heating Energy
Use

Heating
Zone ID s i Erret
{kWh
5| 13
1 SR st ag 23,7792 2477
2 g Lab ao 22,2030 2477
query for the top three zor
1-
3 o Toilet an 21,9830 2470

Highst Consusmer

23,779 kWh
Lone: space?-1-1-5 (Lab)
Summary
T've identified [he top 3 Zones with the highest heating energy use [rom your Total (Tap 31

68,055 kWh

Key Findin,
1. Zone space2-1-1-5 (Lah

fivg. Intansity

247.5 kWh/m*

Enargy use per arsa

Heating Energy Comparison

The interactive

ymparing the

m Heating Energy (ki)

Figure 139. Claude's
answer to Q3. «Can
you identify the top
three zones with the
highest heating energy
use? Please make a
summary table and
display with a chart».
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When Claude receives these queries, several steps occur
under the hood. First, it interprets the user’s intent. For Q3,
for instance, the user seeks the zones in <Building A> with
the highest heating energy consumption and their respective
occupancy levels — perhaps to assess energy efficiency per oc-
cupant. Claude identifies the relevant data structures through
the ontology and decides to use the read query tool to fetch the
required information. Through MCP, Claude issues a query to
Neo4j. Thanks to the semantic vocabulary defined in the feder-
ated ontology, Claude does not need to infer the data structure:
it already knows that heating energy is represented as an eko:K-
PI linked to spaces, and occupancy as another KPI or property.

It therefore constructs a Cypher query such as the following
(Figure 140 and Figure 141).

This query matches Zone nodes in Building A, finds their as-
sociated heating energy and occupancy KPI values, and returns
the top three by heating energy demand.

The Neo4j MCP server executes the query and returns the
following results (Figure 142).

MATCH (n:bot_Space)
WHERE n.Space_Heating_Demand_total_ IS NOT NULL
RETURN n.name AS Zone,
n.UID AS Zone_ID,
n.occupancyType AS Type,
n.area AS Area_m2,
n.Space_Heating_Demand_total_ AS Heating_Energy_kWh,
n.Space_Heating_Energy_Use_Intensity AS Energy_Intensity_kWh_m2
ORDER BY n.Space_Heating_Demand_total_ DESC
LIMIT 3

Figure 140. Cypher
query performed by
Claude to get the three
zones with the highest
energy use in the
portfolio.
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Figure 141. The same
Cypher query applied in
Neodj.

Figure 142. Results
from the Cypher query
showing the three
zones with the highest
consumption in the
portfolio.

"Zone_ID": "space2-1-1-5",
"Type": "lab",

"Area_m2": 96,
"Heating_Energy_kWh": 23779.2,
"Energy_Intensity_kWh_m2": 247.7

"Zone_ID": "space2-2-8-5",
"Type": “lab",

"Area_m2": 9@,
"Heating_Energy_kwh": 22293.0,
"Energy_Intensity_kwh_m2": 247.7

"Zone_ID": "spacel-1-8-7",
"Type": “"classroom”,

"Area_m2": B9,
"Heating_Energy_kWh": 21983.0,
"Energy_Intensity_kWh_m2": 247.80
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Then, Claude receives these results and composes a re-
sponse. Importantly, it does not simply list the raw data: it uses
its language generation capability to produce an informative
and contextualised message:

A3 - Claude: Tve identified the top 3 zones with the highest
heating energy use from your database:
Key Findings:
1. Zonespace2-1-1-5 (Lab) - 23,779.2 kWh
o Area: 96 m®
o Energy Intensity: 247.7 kWh/m?®
2. Zone space2-2-0-5 (Lab) - 22,293.0 kWh
o Area: 90 m®
o Energy Intensity: 247.7 kWh/m’
3. Zone spacel-1-0-7 (Classroom) - 21,983.0 kWh
o Area:89m’
o  Energy Intensity: 247.0 kWh/m”.’

This exchange exemplifies human-Al collaboration. The
Al navigates the KG autonomously and presents findings in a
clear, reasoned manner. Note how the LLM adds plausible inter-
pretation (suggesting causes for high per-person energy use) —
something a raw database query could never provide. Yet every
factual element in the response is grounded in the KG, ensuring
traceability and validity. If desired, the user could even request
evidence.
Let’s consider now a follow-up query like:
® Q4 - User: «<What retrofit actions would you suggest for
those zones to reduce heating demand?»

This is an open-ended question that requires reasoning rath-
er than retrieval. Claude cannot extract a direct answer from
the KG because the graph contains only factual information,
not design strategies. Claude’s answer is provided in the follow-
ing figure.

In composing this response, Claude explicitly combined data
retrieved from the KG with general knowledge acquired from its
training corpus. However, its reliability remains limited: since
the graph lacks explicit data on the efficiency of construction
systems or HVAC components, there is nothing to allow Claude
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to determine which retrofit strategies are most appropriate for
each space. In other words, it is hallucinating. A more appropri-
ate reply would have been something along the lines of: «Based
on the data I have available, I cannot know.» Thus, while the con-
versation demonstrates the potential of AI-KG integration, it
also exposes the limitations of current implementations, where
an LLM’s inferential abilities still depend on the depth and com-
pleteness of the underlying knowledge base. At the same time,
it underscores the importance of human awareness and critical
judgment in evaluating Al-generated answers.
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Figure 143. Claude's

= answer to Q4 (Part 1).

Condividi

What retrofit actions would you suggest for those zones to reduce heating
demand

ntified, here are targeted retrofit recommendations

Recommended Retrofit Actions by Zone

Zone 1 & 2: Laboratories (space2-1-1-5 & space2-2-0-5)
Current: 23, Whand 22, kWh annually

High Priority Actions:

1. Ventilation System Optimization

+ Install variable air volume (VAV) systems with demand-controlled
ventilation (DCV)

» Implement occd ensors to reduce ventilation rates during
unoccupied periods

+ Consider heat recovery ventilation (HRV) systems to capture exhaust air
heat

» Potential savin (0-50% of heating demand

« Install high-performance low-flow fume hoods if not already present
» Implement automatic sash cl s and occupancy-based controls
vith intensive fume hood use
3. Temperature Setpoint Optimization
+ Review and adjust temperature setpoints (consider nstead of
+ Implement setback temperatures during unoccupied hours
* Potenti:
Medium Priority Actions: 4. Building Envelope Improvements
» Upgrade windows to high-performance double or triple glazing
» Improve insulation in walls and roof areas
+ Seal air leakage points around penetrations and s
5.Heating System Upgrades
+ Install smart thermostats with scheduling capabilities
« Zone heating controls for different lab areas

» Consider radiant heating for occupied zones to reduce air temperature

requirements
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Figure 144. Claude's

answer to Q4 (Part 2). &

Condividi

Zone 3: Toilet Facility (spacel-1-0-7)
Jurrent: 21, Wh annually

High Priority Actions:

1. Ventilation Control Strategy
» Install occupancy- d ventilation controls (PIR sensors)
* Reduce nuous ventilation rates when unoccupied
+ Implement time-of-day scheduling aligned with building occ
» Potential heating demand

2. Exhaust Air Heat Recovery
+» Install heat recovery units on exhaust ventilati

Consider run-around coils or heat pump systems

* Potential savin of ventilation-related heating

Medium Priority Actions: 3. Envelope Sealing

4. Heating System Controls
» [nstall programmable thermostats with occupancy scheduling

» Lower temperature setpoints (toilets can operate at 18-1

+ Add thermostatic radiator valv RVs) for better zone control
Hot Water System Efficiency

« Insulate all hot water pipes

« Install low-flow fixtures to reduce hot water consumption

» Consider point-of-use water heating if central
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Figure 145. Claude's

g answer to Q4 (Part 3).

Condividi

Cross-Cutting Recommendations for All Zones

1. Building Management System (BMS) Integration
» Centralized monitoring and control of all three zones

* Real-time energy monitoring and anomaly detection
* Automated optimization based on occupancy patterns
2. Commissioning and Maintenance
duct comprehensive HVAC system commissioning
* Regular maintenance schedules to ensure optimal performance
aff training on effi system operation
3. Renewable Heating Integration
+ Explore air-source or ground-source heat pumps
+ Solar thermal pre-heating for ventilation air

onsider district heating connections if available

Expected Overall Impact

Zone CurrentUse (kWh/yr) | Estimated Savings | Projected Use (kWh/yr)
Lab space2-1-1-5 23,779 %o 14,267-16,645
Lab space2-2- 30-40% 13,376-15,605
Toilet spacel-1-0- : 5-455% 12,091-14,289

Total 39,734-46,539

Priotity Implementation Order:

1. Start with ventilation controls (lowest t, highest impact)
2. Proceed with heat recovery systems

3.Implement BMS integration for ongoing optimization

Consider envelope improvements during scheduled renovations
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10.7 Future scenarios of Al-integrated knowledge in AECO

Looking ahead, it is entirely plausible to imagine Al-integrated
knowledge systems becoming a ubiquitous component of the
digital ecosystem within the built environment. A near-term
scenario in building management might involve integrating
LLM-powered assistants into digital twin platforms (Luo et al.
2024)a system that employs Large Language Models (LLMs.
As digital twins continuously monitor building performance,
LLMs could serve as intelligent mediators, allowing stakehold-
ers to interact with the system using natural language.

Imagine, for example, a city’s building operations centre
where a manager asks: «Which buildings in our portfolio are likely
to experience comfort issues next week based on the weather fore-
cast?» The Al assistant could cross-analyse the KGs of multiple
digital twins and return a ranked list with explanatory notes.
A federated ontology approach would ensure interoperability
across diverse systems, enabling the comparison of key metrics
such as temperature, humidity, and logged complaints, even
when data structures vary.

While awaiting the commercial availability of such tech-
nologies, the focus should therefore be on federated ontology
and knowledge modelling. These will be essential prerequi-
sites, serving as the semantic backbone for such scenarios and
enabling cross-domain queries that, at present, would require
specialist teams to coordinate. Future developments will also
need to include mechanisms for checking the validity of Al out-
puts — undoubtedly a fundamental requirement for moving Al
from experimental prototypes to robust, real-world products.
One approach could be to encode rules within the KG, allow-
ing Al agents to ‘self-censor’ or verify their responses. Also of
significant interest are multi-agent systems, which are systems
orchestrated by a lead agent working with various specialised
delegates: one executing the query, another validating the plau-
sibility of the results, another exporting the data in a required
format, and so forth. Likely, we will also see the development of
specialised benchmark datasets for building-specific question
answering, such as question sets derived from building codes,
with correct answers based on authoritative sources. These
would help push LLMs towards greater factual accuracy in our
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domain. We will also become accustomed to the idea that soft-
ware interfaces will no longer be static. As LLMs are already ca-
pable of generating websites, dashboards and applications on
the fly (see Claude, for example), it is likely that each user will
have a customised data interface tailored to their real-time re-
quests via chat. In practice, future Al-integrated systems will
likely operate in a multimodal and adaptive fashion.

Beyond the technical explorations and future visions, one
crucial constant remains: human expertise will remain cen-
tral. Technical tasks can increasingly be delegated to Al, yet
responsibility for interpretation and critical analysis cannot
be outsourced. Al-integrated knowledge systems will undoubt-
edly manage information retrieval and pattern recognition on
a scale far beyond human capability. Awareness will therefore
probably be the true value that an architect or engineer contrib-
utes. Moreover, determining which questions to ask through
the prompts, which recommendations to follow, how to imple-
ment solutions, and, more broadly, whether and how to act on
such outputs will hopefully still rely on human judgement, eth-
ics, and creativity.

It is not difficult to hypothesise that in a future scenario, the
role of the AECO professional may shift from painstaking data
gathering to the curation and validation of Al-generated in-
sights. This has major implications for education and research:
future professionals should be trained not only in their core dis-
ciplines but also in how to work with Al - understanding its
limitations, verifying its outputs, and contributing to the devel-
opment of the underlying knowledge models. In essence, they
should learn how to use these tools responsibly and consciously.

None of this will happen, however, unless collaboration
and standardisation across the industry progress at sufficient
speed. If Al-integrated systems proliferate too quickly and with-
out coordination, the resulting complexity may become unman-
ageable. It is therefore essential, now more than ever, to sup-
port initiatives aimed at creating a shared discipline for digital
knowledge modelling in the built environment. These efforts
will enable even smaller firms and public sector organisations
to understand and adopt such technologies without having to
start from scratch. It is conceivable that in less than a decade,
asking an Al assistant about a building will be as routine as
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checking one’s email. But behind that apparent simplicity will
probably lie a sophisticated, domain-structured network of
data, information, standards, models, and validation protocols,
a disciplinary infrastructure that the AECO community will be
continuously called to design, build, maintain, and evolve ac-
tively.
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GLOSSARY

AECO - Architecture, Engineering, Construction, and Operations
AHU - Air Handling Unit

AI - Artificial Intelligence

ANN - Artificial Neural Network

API - Application Programming Interface
BEM - Building Energy Modeling

BI - Business Intelligence

BIM - Building Information Modeling

BMS - Building Management System

BOT - Building Topology Ontology

BPS - Building Performance Simulation

BSM - Building Safety Model

CSV - Comma-Separated Values

CO,E - Carbon Dioxide Equivalent Emissions
DT - Digital Twin

DSS - Decision Support System

DTS - Deemed-To-Satisfy

EBDB - Energy Bill Database

EC - Energy Cost

EP - EnergyPlus

EWI - Energy What-If

EDD - Fault Detection and Diagnostics

EDM - Federated Data Modelling

EM - Facility Management

EOF - Federated Ontology Framework

ESC - Fire Safety Code

GbXML - Green Building XML (Green Building Markup Language)
GDS - Graph Data Science

GNN - Graph Neural Network

GQL - Graph Query Language

GUI - Graphical User Interface

HVAC - Heating, Ventilation, and Air Conditioning
IAQ - Indoor Air Quality

IEDB - Indoor Environment Database

IEC - Industry Foundation Classes



IoT - Internet of Things

IT - Information Technology

JSON - JavaScript Object Notation
JSON-LD - JSON for Linked Data

KG - Knowledge Graph

KPIO - Key Performance Indicator Ontology
LLM - Large Language Model

LBD - Linked Building Data

LD - Linked Data

LOD - Level of Development

LPG - Labelled Property Graph

MCP - Model Context Protocol

MEP - Mechanical, Electrical, and Plumbing
ML - Machine Learning

MSE - Mean Squared Error

OWL - Web Ontology Language

RAG - Retrieval-Augmented Generation
RDBMS - Relational Database Management System
RDF - Resource Description Framework
RMSE - Root Mean Squared Error

RF - Random Forest

SOSA - Sensors, Observations, Samples, and Actuators
SQL - Structured Query Language

SSN - Semantic Sensor Network

SWI - Safety What-If

TBIM - Topological BIM

UCDC - Uniform Component Decomposition Centrality
UID - Unique Identifier

URI - Uniform Resource Identifier

VPL - Visual Programming Language

W3C - World Wide Web Consortium
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